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ABSTRACT

AlphaFold 3 predicts protein structures with remarkable accuracy, yet how structural information
emerges within the model remains poorly understood. Here, through causal interventions on internal
representations and direct probing of every Pairformer block, we trace the formation of global protein
geometry and identify the multiple sequence alignment (MSA) as a structural shortcut to the fold.
Removing the MSA largely preserves local secondary structure while disrupting the long-range
relationships that define global topology. Restoring the MSA-enriched pair representation at only
forty residues recovers most of this lost organization, including at pairs never directly modified. This
contribution depends on the detailed direction of the MSA module’s output rather than its magnitude.
The Pairformer rapidly converts this signal into global geometry: the final fold becomes recoverable
by approximately block 9 of 48 for a majority of proteins, roughly twenty-seven blocks before the
model’s decoder can render it, whereas without the MSA it remains inaccessible for most proteins
throughout the pass. Which homologs are supplied shapes this trajectory more strongly than which
query is supplied; it persists for a designed query that never evolved but collapses for a shuffled
sequence. Most importantly, an alignment built for a different protein that shares the fold, supplied
only at the structurally corresponding columns, raises the median TM-score against experiment from
0.44 to 0.72, while the same alignment shifted a few residues along the chain performs worse than
supplying no alignment at all. What AlphaFold 3 reads from an alignment is therefore a description of
the fold itself, transferable between proteins that share one, rather than the query’s own evolutionary
history. This explains both its accuracy and the limits of what it has solved.

Keywords AlphaFold 3 · Protein structure prediction · Evolutionary information · global fold mapping · Mechanistic
interpretability · Activation patching

1 Introduction

The release of AlphaFold 2 in 2021 transformed structural biology. For the first time, it was possible to predict protein
structures with near-experimental accuracy for many targets [1, 2, 3, 4, 5, 6]. Its release also catalyzed a wave of
new research combining biological and AI techniques [7, 8, 9, 10, 11, 12, 13]. In 2024, AlphaFold 3 extended these
capabilities to nucleic acids, small molecules, and biomolecular assemblies, expanding an already powerful tool into
one suitable for protein design, drug discovery, and biosecurity [14, 4, 15, 16, 17, 18, 19, 20, 21]. Yet, in spite of these
advances, two critical questions have persisted: how is AlphaFold able to transform an amino-acid sequence into an
accurate three-dimensional structure, and to what extent does its prediction process reflect the biophysics underlying
protein folding?

In our previous work, we set out to answer these questions [22]. In that work, we examined the internal representations
of AlphaFold 3 in a novel mechanistic interpretability study, demonstrating that removing the multiple sequence
alignment (MSA), which provides evolutionary information from homologous proteins [14, 23, 24], substantially
deteriorates AlphaFold 3’s internal representations, confidence, and structural predictions, while reintroducing as few as
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Figure 1: Schematic of the alignment as a structural shortcut to the fold. As shown, the query sequence and its multiple
sequence alignment (MSA), which provides evolutionary information from homologous proteins, are combined into the pair
representation, which the Pairformer then transforms over 48 blocks. In this schematic, the difficulty of extracting the accurate fold
is conveyed by the ruggedness of a terrain that the model traverses, and each point along a path marks one Pairformer layer. With a
full alignment, the terrain is a smooth funnel and the global fold is already decodable from the representation after ten of the
forty-eight blocks. With a subset of five distant homologs, the terrain is more rugged, and the same fold, though less accurate, is
reached late in the pass by a far longer route. Without an MSA, the terrain offers no clear descent, and for many proteins the correct
global fold is never reached at all. The structures shown along each path are stand-ins for the kind of prediction one would expect at
that stage, in relative quality against the experimental structure, rather than readouts from any individual protein. What flattens the
terrain is not the alignment’s evolutionary relationship to the query but the structure it encodes. Evolutionary information therefore
does not merely improve the prediction—the structure latent within it is what makes the fold accessible, and how much of it the
model receives sets how quickly the structure appears. This schematic is informative by analogy: there is no indication that
AlphaFold 3 optimizes over a loss landscape, and the terrain is a proxy for the difficulty of the underlying problem.

one to five sufficiently diverse homologs can recover much of the benefit of a full MSA [22, 25]. However, our findings
left several important questions unanswered. The most important among them are: Which structural relationships
depend most strongly on evolutionary information, and is this related to the evolutionary history of the protein or the
particular fold it adopts? How much of the MSA-enriched representation is required to recover the global fold? And
how does the Pairformer transform this information into structural geometry?

Addressing these questions requires looking beyond the final structures AlphaFold 3 outputs and examining the internal
representations and computations that produce them. We proceed in five steps. First, as an observation, we identify
which features of a predicted structure depend on evolutionary information and which survive its removal. Second,
through causal intervention, we show that restoring a sparse portion of the MSA-enriched representation recovers much
of the lost global structure, including relationships never directly restored. Third, to identify the mechanism, we follow
this representation through the Pairformer and show that, although the representation entering the Pairformer yields
no global fold under linear decoding, the fold becomes accessible within the first ten of its 48 blocks for over half of
proteins—whereas without the MSA, it does not emerge for most proteins within the first pass. Fourth, to establish the
source of this information, we independently vary the MSA and the query sequence, and examine sequence-divergent
proteins that share a fold, revealing that the MSA sets when and along which route the fold emerges, while the query
determines whether it emerges at all. Fifth, and most directly, we transplant the structurally aligned columns of one
protein’s alignment into a sequentially dissimilar protein that shares its fold, and find that this alone recovers much of
the structure, while the same alignment displaced by a few residues performs worse than supplying none. Together,
these steps reveal a structural shortcut at the center of this study: what AlphaFold 3 reads from an alignment is a
description of the fold, supplied in the correct correspondence, rather than the query’s evolutionary history.
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2 Results

2.1 MSA information preferentially supports nonlocal structural organization

We began with the two cohorts of 200 monomeric proteins assembled in our previous work [22]: novel proteins without
a match above 40% sequence identity to any sequence deposited before AlphaFold 3’s September 30, 2021 training
cutoff, and similar proteins exceeding that threshold. All were themselves deposited after the cutoff (see Methods).

We generated AlphaFold 3 predictions with and without an MSA and compared them with the corresponding experi-
mental structures from the PDB to quantify the loss in accuracy. Separately, we compared each no-MSA prediction
against its corresponding full-MSA prediction, allowing us to identify which features of the model’s preferred structural
solution were retained or lost following the removal of what at first glance appears to be evolutionary information.
As expected from our previous findings [22], the presence of evolutionary (or perhaps fold) information as encoded
in the MSA contributed substantially to predictive accuracy in both cohorts, with the median TM-score [26] against
experiment declining from 0.96 to 0.52 in novel proteins and from 0.97 to 0.46 in similar proteins following MSA
removal (Supplementary Figure S1A). These results establish the magnitude of the structural deterioration caused by
removing the MSA, but do not explain what structural information is lost or why this deterioration occurs.

To identify which features were lost, we examined their retention following MSA removal and found a pronounced
difference between local secondary structure and nonlocal relationships (Supplementary Figure S1B). In the novel
cohort, 84% of helical residues and 71% of strand-like residues present in the full-MSA predictions were retained
without the MSA. In contrast, exact β-bridge [27] retention declined to only 42%, and contact retention declined with
sequence separation, reaching 45%, 40%, and 28% at short, medium, and long range. The similar cohort behaved
relatively uniformly throughout (Supplementary Section S1). Note that secondary-structure retention is a per-residue
measure and does not require those elements to occupy the same positions within the three-dimensional fold, so a helix
may remain recognizable even where it is incorrectly placed in the global structure.

Thus, although much of the local secondary structure predicted by AlphaFold 3 can survive MSA removal, the
much greater loss of exact β-bridge partnerships and long-range contacts is indicative of the fact that the MSA is of
immense importance when establishing the nonlocal relationships required to organize protein structural elements into
a geometrically consistent three-dimensional fold.

This distinction is illustrated by the representative novel protein 8R5N. Its full-MSA prediction closely reproduced the
experimental structure (TM-score = 0.984), whereas removing the MSA reduced the TM-score to 0.261 (Figure 2A).
Although recognizable local elements remained present, the prediction failed to recover the correct β-sheet organization,
losing every exact β-bridge partnership present in the full-MSA prediction and substantially disrupting long-range
residue relationships (Figure 2B). The full-MSA prediction contained 136 long-range contacts, closely matching the
131 present in the experimental structure. The no-MSA prediction contained only 40.

2.2 Sparse restoration of MSA-enriched information recovers the global fold

We next asked whether recovering the nonlocal relationships lost following MSA removal required the entire MSA-
enriched representation or whether restoring only a portion would suffice. To investigate this, we performed activation
patching at checkpoint B, immediately after the MSA module and before the Pairformer. For each protein, we obtained
pair representations from both a full-MSA and a no-MSA run, and calculated their difference, denoted

∆B = PMSA
B − P noMSA

B .

We selected residues, termed anchors, and restored their corresponding rows and columns from the full-MSA pair
representation within the no-MSA state. Computation then proceeded normally through the Pairformer and diffusion
module (see Methods). Critically, selecting a single anchor does not restore information associated with that residue
alone, but also restores its pairwise representations with every other residue in the protein. Hence, our aforementioned
intervention restores part of the broader representational context in which the selected residue exists, rather than simply
inserting information about an isolated structural feature or contact.

Structural recovery increased with the number of anchors restored, whether specified as a fixed count or as a proportion
of sequence length, and under every selection strategy we tested (Supplementary Section S2). Remarkably, restoring
the pair information associated with only 40 contact-selected residues recovered a median of 71% of the available
experimental TM-score gap between the no-MSA and full-MSA predictions among the 328 proteins for which that
gap exceeded 0.1. The improvement extended beyond global structural similarity to the nonlocal relationships most
sensitive to MSA removal: in the novel cohort, long-range-contact retention rose from 28% without the MSA to 73%
with 40 contact-selected anchors, relative to the full-MSA prediction. It also extended beyond the pairs directly restored,
reaching those residue pairs whose representations were never explicitly enriched (Supplementary Section S2).
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The success of these sparse interventions led us to ask whether recovery depended on a particular, privileged collection of
anchor residues, or whether several entirely different subsets could provide sufficient information to reconstruct the fold.
To investigate this, we constructed four mutually disjoint sets of 40 residues for each protein, using both contact-based
and conservation-based selection, and independently repeated the restoration intervention for each set (Supplementary
Figure S1D; see Methods). Despite containing different residues, the four contact-selected sets produced comparable
TM-scores of 0.80, 0.81, 0.81, and 0.82 against experiment, while the four conserved sets produced 0.78, 0.80, 0.79,
and 0.80. Recovery therefore did not depend on one indispensable anchor set. The information the MSA supplies is
distributed and partially redundant, and a small fraction of it suffices to rebuild the fold.

2.3 The MSA module writes a distributed evolutionary representation that influences structural prediction

Having shown that sparse restoration of the MSA-enriched state can causally rebuild the fold, we next asked what the
MSA module actually writes into the pair representation.

Our anchor interventions used the full-MSA minus no-MSA difference at checkpoint B, but this difference may also
include contributions inherited from earlier stages. We therefore calculated the module updates within each run and
defined their difference as the MSA-specific module contribution,

M = (PMSA
B − PMSA

A )− (P noMSA
B − P noMSA

A ),

distinct from the total checkpoint-B difference ∆B used above (see Methods). Across the 400 proteins examined, the
median projection coefficient of M onto ∆B was 0.995, against 0.005 for the difference already present at checkpoint
A, and the two contributions were nearly orthogonal. The MSA module writes essentially all of what distinguishes the
two conditions.

Two properties of what it writes bear on the results that follow. First, the contribution is organized simply in space, with
a median effective rank [28] of 1.15, and larger updates at positions with greater evolutionary variability and alignment
coverage (Supplementary Section S3). Second, and more consequentially, what matters structurally is not the strength
of this contribution but its direction. Disrupting cross-column relationships by shuffling amino acids within alignment
columns left the overall orientation of the representation largely intact (cosine similarity 0.938 after shuffling 99%
of eligible columns) while substantially changing the resulting predictions (contact-map Jaccard index 0.740 against
the unshuffled prediction). Decomposing the native and shuffled module updates into magnitude and direction and
recombining them separates the two: native direction with shuffled magnitude yielded a median TM-score of 0.96
against the full-MSA prediction, identical to the fully native control, whereas native magnitude with shuffled direction
yielded only 0.70, barely above the 0.68 of the fully shuffled condition. Per protein, restoring the native direction
recovered a median of 1.000 of the available structural difference; by contrast, restoring the native magnitude recovered
0.011 (Supplementary Section S3).

Representational similarity therefore need not imply functional equivalence: two representations differing by a cosine
distance of only 0.06 can yield substantially different structures, because the difference lies in the directions that matter.
What the MSA supplies is carried in the detailed pattern of the representation rather than its overall strength.

2.4 The Pairformer transforms the MSA into structural geometry

If the MSA module writes the information that rescues structure, the next question is how the Pairformer transforms
that signal into a representation of geometry.

We thus followed the pair representation through all 48 blocks of the first Pairformer pass, comparing full-MSA and
no-MSA representations at the same block. This allowed us to distinguish the component that remained aligned with the
original MSA-specific contribution from changes in representational form, and to examine when structural information
became accessible (see Methods).

We first decomposed the difference

P
(l)
MSA − P

(l)
noMSA

at each block into its projection onto the original MSA-specific contribution, denoted M , and an orthogonal residual,
denoted R. This allowed us to distinguish the component that remained aligned with the initial contribution from the
remainder of the representation (Figure 3B; see Methods). As established in our previous analysis, the MSA-aligned
component declined progressively as we passed through the Pairformer, retaining approximately 54% of its initial value
by block 20 and only 8% by block 47. In contrast, the orthogonal component continued to grow and became dominant
around block 25.
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We also observed increasing contact enrichment within this residual representation between blocks 20 and 40 (see
Methods). Let us briefly note that the decline of the original MSA-aligned component does not necessarily mean that
the MSA-encoded information has disappeared, nor does it mean that the orthogonal residual represents information
independent of the MSA. Rather, the Pairformer may be transforming the original evolutionary contribution into a
different representational form as it processes and enriches the pair representation. These observations demonstrate that
substantial representational reorganization occurs well before an accurate structure can be generated.

As this representation reorganizes (Figure 3C), an important question is when contact information becomes decodable.
In other words, at what point do the intermediate pair representations contain information about which residues will be
in proximity to one another in the final predicted structure?

To examine this, we trained contact probes on separate proteins and evaluated their ability to identify contacts present
in the final full-MSA prediction from intermediate Pairformer representations (see Methods). We evaluated both
overall contact-versus-noncontact discrimination and discrimination between contacts unique to the native and shuffled
predictions. For the generic probe, contact AUROC was already approximately 0.86 after block 0 and increased rapidly
to approximately 0.99 by block 9. The fold-specific probe initially performed somewhat worse, but its performance
converged with that of the generic probe by approximately block 15. Thus, contact information was already substantially
decodable during the earliest Pairformer computations, and its accessibility improved considerably over the subsequent
blocks.

However, high contact AUROC does not necessarily establish that the corresponding residues have been placed at
the correct distances in a generated structure, nor does it establish that AlphaFold 3 itself uses this information in the
same manner as our probes. Contacts are only one part of a protein structure—they do not fully define the geometric
relationships required to construct a fold. These results therefore establish when contact information becomes accessible,
not when the complete three-dimensional structure has been resolved.

Next, we returned to the magnitude–direction interventions from the preceding section to examine when the structural
consequences of those perturbations became apparent within the pair representation. We used the same four combina-
tions of native and shuffled MSA-module magnitude and direction and applied our contact probe to the representation
generated under each condition at every Pairformer block.

For each protein, we identified two sets of contacts: native-only contacts, which were present in the native-MSA
prediction but absent from the shuffled-MSA prediction, and shuffled-only contacts, which were present in the shuffled
prediction but absent from the native prediction. We then measured how often the probe assigned a higher score to a
native-only contact than to a shuffled-only contact. We matched the compared residue pairs by sequence separation
to account for differences in contact-prediction difficulty (see Methods). We refer to this separation-matched ranking
statistic as the control preference. A value of 0.5 indicates chance-level discrimination, while a value of 1.0 indicates
that native-only contacts are always ranked higher.

At checkpoint B, the native representation exhibited a preference of only 0.494 (Figure 3D), approximately equal
to chance, despite the presence of generally decodable contact information. Following the first Pairformer block
(block 0), however, preference increased to 0.714, reached 0.782 after block 1, and approached 1.0 by block 15. The
four magnitude–direction conditions also allowed us to examine the contribution of representational direction to this
preference. The difference in control preference between the shuffled-magnitude/native-direction and fully shuffled
conditions (sc− ss) was 0.159 after block 0 and continued to rise through subsequent blocks (see Methods).

Hence, even though the native and shuffled MSA-module contributions already contained differences capable of
influencing the final structural predictions, the contacts that distinguished those predictions were not preferentially
identified by our probe at checkpoint B. This distinction became apparent during the early Pairformer layers and
increased substantially thereafter.

2.5 Intermediate diffusion reveals an overcompact proto-fold

The representational analyses above establish that the MSA-derived state is rapidly reorganized, but not when Al-
phaFold’s own structural decoder can turn that state into coordinates.

To investigate this, we independently generated structures from saved representations at seven Pairformer blocks (14,
18, 24, 30, 36, 40, and 44) and two additional checkpoints (C1 and CN ) by passing them through the diffusion module,
and compared each against the final full-MSA prediction, CN (see Methods).

The earliest structural predictions were overly compact and poorly organized. At block 14, the radius of gyration was
only 48% of that of the final prediction, helix and exact β-bridge recovery were effectively zero, strand recovery was 2%,
and global structural agreement was 6%. We call this initial state, as generated by the diffusion module, a proto-fold.
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Through the remainder of the first pass the readouts gradually expanded and recovered recognizable features, but in a
strict order: helices first, then strands, and exact β-bridge partnerships last, with the global architecture resolving only
near block 44 (Supplementary Section S4). This progression parallels our MSA-removal results, where recognizable
local secondary structure can be retained or recovered without the precise nonlocal relationships required for the final
fold. The representative protein 8R5N illustrates the same progression (Supplementary Figure S3).

2.6 Probing the pair representation reveals an early, MSA-dependent global fold

Because the diffusion module was trained on completed representations, however, its failure to render an early structure
does not establish that the fold is absent from the representation itself.

To distinguish between these possibilities, we examined what the representation itself contains. Because contacts are
already linearly decodable from the pair representation early in the Pairformer (Figure 3C), we asked whether this
decodability extends from individual contacts to the structure as a whole.

To do so, we trained linear probes on the 200 proteins of the similar cohort to predict the final Cα–Cα distances
directly from the pair representation at checkpoints A and B and after each of the 48 Pairformer blocks, with one
probe per layer and separate probes for representations generated with and without the MSA (see Methods). Because
probing is far less computationally expensive than diffusion, we could examine every block of the pass rather than a
selected subset. We then applied each probe to the corresponding representations of the 200 held-out novel proteins
and reconstructed three-dimensional structures from the decoded distances using multidimensional scaling [30, 31].
Because the final full-MSA predictions of these proteins closely reproduce their experimental structures (median
TM-score 0.96), decoding toward them closely approximates decoding toward experiment.

These reconstructions are interpolations of the global arrangement implied by the decoded distances, so their local
geometry is imperfect and individual residues deviate from their final positions even in the best cases. Against a generic-
chain floor of 0.22 and a residue-permutation control that drives the explained variance below zero (Supplementary
Section S5), they nonetheless recover residue-specific structural information rather than generic distance statistics.

The results were striking (Figure 4A). At checkpoint B, the fold was not yet decodable either with or without the
MSA, with median TM-scores of 0.23 and 0.22, respectively, practically at the floor. By block 9, however, the median
TM-score of structures decoded from the MSA-enriched representation rose to 0.51, and over half of the proteins (52%)
exceeded a TM-score of 0.5. Within the first ten blocks, the representation thus reaches the global fold. Decodability
continued to rise in a series of steps, reaching 0.70 by block 30 and 0.82 by block 47. The reconstructions also
approached the native size from block 9 onward, with the radius of gyration reaching 95% of the final value, in
contrast to the 48% observed for the diffused proto-fold at block 14. Although these structures are less refined than the
diffused structures, the global fold is present roughly 27 blocks before the diffusion module can produce a structure of
comparable accuracy against the same final structure, which it reaches only at block 36.

What is equally striking is that, without the MSA, the global fold largely does not emerge in the first Pairformer forward
pass. The median TM-score was 0.22 at checkpoint B, 0.24 at block 10, and only about 0.29 at block 47. No protein
reached a TM-score of 0.5 by block 9, and only 14% did so by block 47, while long-range lDDT remained at or below
0.06 throughout the pass. This is not a failure of the probes. The probe trained on representations without the MSA
recovered a TM-score of 0.62 at block 47 when applied to representations generated with the MSA, indicating that it
learned features from which the fold can be decoded, but that these features are absent from the representation when
the MSA is removed. Without the MSA, the model does eventually approach the correct global fold, but slowly and
only approximately. Within the first Pairformer pass the representation almost never yields a decodable fold, ending
at 0.29 against the full-MSA prediction, and the diffusion readout at the end of that pass reaches only 0.32. Only
through recycling does the prediction approach the fold, reaching 0.45 against the full-MSA prediction and 0.49 against
experiment at CN , short of the threshold for a correct fold. With the MSA, the first pass alone reaches 0.98.

Together, these results suggest the shortcut we have been building toward. Before the Pairformer, the contribution of
the MSA is not yet apparent as a decodable fold. Within the first few blocks of the 48-block pass, it becomes so, with
the Pairformer turning the MSA’s contribution into a readable global fold within ten blocks of a single pass, whereas
without the MSA, the complete pass rarely does. This is particularly notable given that, in practice, the Pairformer is
typically applied repeatedly through recycling, which is seemingly unnecessary for monomers with a robust MSA. The
representative protein 8R5N illustrates this contrast (Figure 4B–C). Without the MSA, the reconstructed structures
remain far from their final positions at every layer, whereas with the MSA, an increasing fraction of residues approaches
the final arrangement from block 14 onward.

Finally, we asked whether any property of the MSA or the structure determined which residues became decodable
first. No individual statistic did so strongly: residue burial and alignment coverage showed the strongest associations,
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(a) Progress toward the fold
Block Q (subsets A&B) H MPNN Shuffled Q (full MSA) Q (no MSA)

14 0.322 0.329 0.327 0.200 0.688 0.245
18 0.333 0.343 0.343 0.193 0.670 0.249
24 0.346 0.367 0.366 0.195 0.668 0.251
30 0.450 0.461 0.499 0.191 0.756 0.262
36 0.504 0.524 0.595 0.193 0.785 0.270
40 0.638 0.648 0.714 0.200 0.852 0.284
44 0.671 0.683 0.731 0.210 0.849 0.277
47 0.682 0.683 0.748 0.211 0.846 0.278

(b) Similarity between runs
Block QA vs QB Q vs H Q vs MPNN Q vs Shuffled

14 0.577 0.689 0.644 0.319
18 0.599 0.694 0.637 0.306
24 0.613 0.688 0.637 0.296
30 0.610 0.675 0.659 0.243
36 0.663 0.686 0.673 0.230
40 0.688 0.699 0.670 0.213
44 0.724 0.740 0.709 0.226
47 0.750 0.748 0.721 0.244

Table 1: The MSA sets when and along which route the fold emerges; the query sets whether and how well. All
values are median TM-scores between structures reconstructed from probe-decoded distances, for 100 novel proteins
folded with two evolutionarily independent MSA subsets (A and B) of 5 distant homologs each (≤ 30% identity to
the query and to the other subset). Blocks are numbered 0–47 within the first Pairformer pass. (a) Reconstructions
compared against the final full-MSA prediction of the original query (Q), with the query replaced by a natural homolog
(H, ∼60% identity), a ProteinMPNN sequence [32] design on Q’s backbone (MPNN, ∼45% identity), or Q’s residues
shuffled, each folded with the same subsets. Full MSA and No MSA are Q’s own representations decoded as in Figure 4.
(b) Pairwise TM-scores between reconstructions of the same protein. QA vs QB changes the MSA subset while keeping
the query; the remaining columns change the query while keeping the subset (A with A, B with B). The corresponding
diffusion readouts are given in Supplementary Section S7.

covariation and conservation were weak, and all features combined explained little more. Although the earliest-decoded
residues were spatially clustered, this clustering was largely explained by their burial, providing no evidence for a
distinct folding nucleus (Supplementary Section S6).

2.7 Intermediate representations reveal convergent MSA-dependent inference trajectories

Having established when the global fold becomes accessible, we next asked which input—the MSA or the query—
controls the trajectory by which it emerges.

In the analysis that follows, we varied two things. The first was the MSA, for which we used the two subsets A and B,
each of five sequences. The two subsets were constructed to be evolutionarily divergent: every sequence in one subset
shares at most 30% identity with every sequence in the other and with the query, while sequences within a subset share
at most 50% identity with one another. The second was the query, which we either kept unchanged (Q), replaced with a
homolog drawn from the protein’s own MSA (H), replaced with a structurally equivalent but sequentially divergent
sequence designed on the query’s own backbone with ProteinMPNN [32], or replaced with a random shuffle of the
query’s own residues. Every variant was folded with the same two subsets, and the resulting trajectories were examined
over the same blocks (Table 1).

The diffusion readouts are of limited use here: before about block 40 both subsets produce compact proto-fold blobs of
similar shape and size, so their apparent agreement is inflated (Supplementary Section S7). The probe reconstructions
are not subject to this limitation, and they reveal that, with a five-sequence subset, the query hardly matters for the speed
of emergence. Q, H, and MPNN move in lockstep, remaining within approximately 0.02 of one another through block
24 and reaching comparable accuracy by the end of the pass, while the shuffled query remains at the floor throughout,
as one would expect of a sequence that encodes no structure at all.
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Full MSA No MSA

Block Own fold Partners Unrelated Own fold Partners Unrelated

0 0.272 0.236 0.206 0.204 0.286 0.285
9 0.555 0.320 0.145 0.243 0.239 0.219
14 0.598 0.348 0.145 0.249 0.236 0.217
30 0.696 0.407 0.138 0.249 0.235 0.207
40 0.777 0.468 0.142 0.264 0.247 0.216
47 0.792 0.453 0.148 0.266 0.280 0.240

Final structures — 0.565 — — 0.279 —

Table 2: Sequence-divergent members of the same fold family converge on their shared structure only with the
MSA. Probe reconstructions for 542 pairs of Sabmark proteins drawn from the same structural group (median 9.4%
sequence identity, 65 aligned residues), decoded from representations generated with or without the MSA, each by
the probe trained on representations of the same type. Own fold is the TM-score of each protein’s reconstruction
against its own final full-MSA structure. Partners and unrelated are TM-scores between two proteins’ reconstructions
on structurally aligned residues. unrelated pairs come from different groups and are aligned by position. The final row
gives the agreement between the partners’ final predicted structures with and without the MSA. Values are medians.

What the MSA sets is the speed at which the final structure emerges. With the full MSA, the median TM-score of
the reconstructions reaches 0.69 by block 14, whereas with a five-sequence subset it is only 0.32 at the same block
and approaches comparable values only near block 40. Without the MSA, it rarely does. Five distant sequences are
therefore sufficient to arrive at the global fold, but at a substantially slower rate.

The similarity between runs is a truly key result. Changing the MSA while keeping the query separates the trajectories
more than changing the query while keeping the MSA: at block 14, two subsets of the same query agree at a TM-score of
0.58, whereas the same subset decoded from two different queries agrees at 0.69 (Wilcoxon signed-rank p = 6×10−11),
and this gap persists to about block 36 before closing by the end of the pass. The trajectory of emergence is thus dictated
more by which homologs are supplied than by which query, so long as the query encodes the same general structure in
a manner that is physically sensible.

Taken together, these analyses indicate that the MSA sets when the fold emerges and what route it takes in doing so,
while the query affects whether it emerges at all and affects how accurate the final structure is. The ProteinMPNN
designs are instructive in this regard: although they share their MSA with the original query, they yield the most
accurate reconstructions of any perturbed condition we examined (0.75 against 0.68 at the end of the pass). We note that
these sequences were designed on the query’s own full-MSA backbone, which is also the reference against which they
are scored; we would speculate that, having been designed for that backbone directly, they are free of the biological
constraints that make native sequences an imperfect encoding of their own structures. And without the MSA, practically
nothing emerges at all, once again solidifying its importance and casting light on how powerful it is in determining the
fate of a protein structure inside AlphaFold 3.

2.8 Sequence-divergent homologs converge on a shared fold dictated by the MSA

If the MSA conveys structural rather than strictly sequence-specific information, as the previous results suggest, proteins
sharing a fold but little sequence should follow similar trajectories through the Pairformer.

To test this, we applied the same probes, without retraining, to 98 proteins from Sabmark [33], whose groups comprise
structurally related domains of very low sequence identity. Across 542 protein pairs from the same group, with a median
sequence identity of 9.4% and a median of 65 structurally aligned residues, we compared the partners’ reconstructions
on their aligned residues at every block, both with and without the MSA (Table 2).

With the full MSA from structurally related proteins, the folds became decodable on approximately the same schedule
as in the novel cohort, with a median TM-score of 0.56 by block 9 and 0.79 by block 47. More strikingly, the partners
began converging on their shared structure early in the pass. By block 9, their reconstructions agreed at a TM-score of
0.32 on the aligned residues, compared with 0.15 for unrelated proteins. By block 47, this agreement reached 0.45,
against a ceiling of 0.57 set by the agreement between their final predicted structures. The partners thus recovered a
majority of their shared structural similarity within the first ten blocks and roughly 80% by the end of the first Pairformer
pass, while the root-mean-square deviation (RMSD) [34] of their aligned residues fell from 5.6 to 3.9 Å.
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Crucially, this relative convergence did not depend strongly on sequence identity. Partners with higher sequence identity
attained more similar final structures, but when their agreement was expressed as a fraction of that ceiling, convergence
was similar across all identity quartiles.

Without the MSA, this pattern was absent. Median TM-scores remained below the fold-decoding threshold, reaching
only 0.24 by block 9 and 0.27 by block 47, as in the novel cohort. More importantly, the partners showed little
evidence of convergence toward their shared structure. Agreement between their reconstructions on the aligned residues
exceeded the unrelated-protein baseline by at most 0.04 throughout the pass, compared with 0.17 at block 9 and 0.31 at
block 47 with the MSA. Rather than falling, the RMSD of their aligned residues rose from 6.3 to roughly 8 Å. Even the
partners’ final no-MSA predictions bore little resemblance to one another, agreeing at an aligned TM-score of only
0.28, approximately half the 0.57 attained with the MSA.

These results suggest that, within the twilight zone of sequence similarity, convergence toward a shared fold is dependent
on the shared structural information made accessible by the MSA. Given sequence alone, AlphaFold 3 largely fails to
bring these structurally related but sequence-divergent proteins toward a common structure, suggesting that the MSA
provides the necessary structural scaffold to identify structurally convergent proteins.

2.9 The MSA supplies structure rather than evolutionary relatedness to the query

The preceding sections each revealed something about how AlphaFold 3 converts an alignment into structure, and
together they point somewhere specific. With the MSA, the global fold becomes decodable within the first ten blocks of
the Pairformer. Which homologs are supplied governs the trajectory of emergence more strongly than which query is
supplied, provided the query encodes a compatible structure; indeed, a sequence designed for Q’s backbone by inverse
folding with ProteinMPNN [32], which never existed in nature and bears no evolutionary relationship to the alignment
accompanying it, yields reconstructions more accurate than the native query does. The information is also remarkably
sparse, with the MSA-enriched pair representation of only 40 residues recovering a median of 71% of the accuracy lost
when the alignment is removed. And members of the same fold family converge on their shared structure early in the
pass, at a rate independent of how much sequence they share, but only when an alignment is present at all.

What these observations suggest is that the value of an alignment may lie not in its evolutionary relationship to the
query, but in the structural constraints it encodes. If that is so, then an alignment assembled for an entirely different
protein should serve, provided its columns are placed at the structurally equivalent positions of the target. We refer to
this correspondence between the donor’s alignment columns and the target’s residues as the register of the transplanted
alignment [35]. The register is what a structural alignment provides and what sequence similarity would otherwise be
used to infer.

We therefore constructed the following test. For two proteins that share a fold at twilight-zone sequence identity, we
took every sequence of protein B’s alignment and wrote it onto protein A’s columns through the structural alignment
between them, computed with TM-align [26]. Only the structurally aligned columns were retained; every other column
of A was gapped, so that the transplanted alignment carries no information about the remainder of A’s chain. A’s own
query sequence was left untouched and remains the first row throughout. Three references accompany each transplant:
A’s own full alignment, which is the ceiling; A’s own alignment restricted to exactly the same aligned columns, which
controls for the coverage the transplant provides; and no alignment at all, which is the floor (see Methods).

We first applied this to the Sabmark pairs examined in the preceding section: 47 structurally similar pairs, 94 targets in
both directions, drawn from the same groups examined above, but with each protein used in at most one pair so that
the transplants are independent, sharing a median of 9.4% sequence identity. The result is remarkable. Without an
alignment, these proteins reach a median TM-score of 0.442 against experiment. Given only the structurally aligned
columns of a different protein’s alignment, with every other column gapped and no sequence in the alignment sharing
more than 19.5% identity with the query, they reach 0.717 (p = 7 × 10−9). Supplying the target’s own alignment
over the same columns yields 0.836, and its complete alignment 0.951. Extending the transplant to fill A’s unaligned
columns with the donor’s intervening residues adds little (0.743), confirming that the effect resides in the structurally
corresponding columns rather than in the amount of donor sequence supplied. All of this holds with a single diffusion
sample and no recycling.

The nulls establish that it is the register, and not the mere presence of a deep alignment, that carries the effect (Figure 5;
Supplementary Tables S7 and S9). Each null supplies the same donor alignment at the same depth, occupying the same
number of columns, and alters only where those columns land. Sliding the mapping three or seven residues along the
target chain yields 0.425 and 0.397; scrambling it, so that the donor’s columns land on a random permutation of the
target’s aligned columns, yields 0.399. All three fall at or below the no-alignment floor, several of them significantly so.
A further ablation makes the same point from the opposite direction: overwriting only the structurally aligned columns
of the target’s own working alignment with residues drawn from a structurally irrelevant region of the donor reduces it
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from 0.836 to 0.519. Gapping those same columns, rather than corrupting them, yields 0.570, so the loss is not merely
the loss of coverage. Those columns are where the structural information resides, and a wrong answer placed in them is
worse than no answer at all. Remaining nulls are reported in the Supplementary Information.

Because every Sabmark protein predates AlphaFold 3’s training cutoff and may therefore have been encountered
during training, we repeated the experiment on proteins that could not have been. From the novel cohort we identified,
by all-against-all structural alignment, 19 pairs of proteins sharing a fold (TM-score ≥ 0.5) at no more than 30%
sequence identity and with substantial β content, giving 38 targets (see Methods). The same pattern appears. Without
an alignment these proteins reach a TM-score of 0.568; given the partner’s aligned columns alone they reach 0.762,
against 0.884 for their own alignment over the same columns. The nulls behave as before, with the register-shifted and
scrambled conditions at 0.538 and 0.456 and the corrupted-column ablation at 0.479, all at or below the floor. Training
exposure therefore does not explain the effect. If anything the novel proteins are easier without an alignment, and the
transplant improves them nonetheless.

The emergence trajectories confirm that a transplanted alignment enters the same early pathway as the protein’s own.
Where the structural alignment covers most of the chain, the transplant is nearly indistinguishable from the target’s own
alignment through the first twenty-four blocks (0.433 against 0.456 at block 9, and 0.518 against 0.516 at block 24)
before falling behind as the pass proceeds. The nulls, by contrast, remain flat from the first block to the last, never rising
above the no-alignment trajectory and yielding no decodable fold in any protein before block 27. They do not produce a
delayed fold; they produce no early structural signal whatsoever. The benefit of the transplant scales with how much of
the target’s fold the donor’s alignment covers, rising from a median TM-score of 0.567 in the least-covered quartile to
0.856 in the best-covered (Spearman ρ = +0.51, p = 1× 10−7; Supplementary Table S11). Sequence identity also
correlates with transplant accuracy, but more weakly, and coverage remains the stronger predictor when the two are
separated.

We note that the probe reconstructions at block 47 fall well below the diffusion readouts of the same representations
(Supplementary Tables S8–S10). This gap is larger for the transplants than for unmodified alignments, and we attribute
it to the probes, which were trained on representations generated from ordinary complete alignments rather than from
the heavily gapped and sequence-mismatched alignments used here. The diffusion module, which is the model’s own
decoder, recovers the fold from these representations without difficulty, and it is the structures it produces that we score
against experiment.

The simplest account of these results is that what AlphaFold 3 extracts from an alignment is a description of structure.
It does not require sequences related to the query; it requires sequences whose relationship to one another, and to the
query’s residues, is structural. The alignment need not carry the query’s own evolutionary history at all. An alignment
assembled for a different family recovers most of the fold, while that same alignment displaced by three residues
performs worse than supplying nothing. What the model needs is structural information in the correct register, and
when that is supplied, the fold follows.

3 Discussion

AlphaFold 3 uses the MSA as a shortcut to predict nonlocal structural features. Without the MSA, the model retains
much of the predicted local secondary structure but fails to predict the long-range contacts and partnerships required to
organize a correct fold. Restoring the MSA-enriched pair representations of just 40 residues—roughly 10–15% of a
typical chain—recovers a median of 71% of the lost experimental accuracy. The necessary information in the MSA is
therefore distributed, partially redundant, and remarkably sparse. It does not reside in a privileged set of residues, nor
does it require the complete MSA-enriched state to attain high recovery.

The Pairformer subsequently reorganizes this MSA-derived contribution. By block 25, a component wholly orthogonal
to the original MSA-aligned component dominates the internal representation. Yet this reorganization does not prevent
the emergence of the fold; rather, it accompanies it. Probing the pair representation directly shows that, with the MSA,
the global fold becomes decodable by block 9 of the 48-block pass in aggregate.

Without the MSA, no protein has an emergent fold by that point, and only 14% do by the end of the first Pairformer pass.
The Pairformer, thus, does not merely propagate the MSA’s contribution. It rapidly transforms a compact evolutionary
signal into an extractable representation of the predicted global fold, which the remainder of the pass then refines, and
which the diffusion module ultimately decodes into coordinates.

The intermediate diffusion readouts show what this transformation looks like to the model’s own structural decoder. The
earliest diffusion structures are overcompact and featureless, with helices appearing before strands and exact β-bridge
partnerships emerging last—in effect mirroring, within a single forward pass, the same hierarchy of MSA dependence
observed when evolutionary information is removed entirely. This compaction, however, belongs to the diffusion model
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rather than to the representation, as the same pair representations already encode a near-native-sized global fold roughly
27 blocks before the diffusion module can render it.

With the full MSA, the global fold emerges within roughly the first ten blocks. With small, evolutionarily diverse
subsets, it takes about thirty-six blocks, even though both arrive at the correct-fold regime by the end of the first pass;
the subsets primarily miss some of the finer relationships supplied by the complete alignment. The MSA also influences
the initial direction of the trajectory: different sets of homologs generate distinct early emergence pathways much
more readily than different query sequences do. This is consistent with previous work showing that MSA subsampling
can direct AlphaFold toward alternative conformations in fold-switching proteins, but extends that observation to
non-fold-switching proteins and helps localize where in the computation the effect acts. When the query is instead
redesigned to suit the backbone, emergence proceeds at much the same pace, but the final structure is more accurate.
When the query is shuffled, by contrast, nothing emerges at all. Similarly, as we showed previously, supplying a query
with an MSA belonging to a structurally different protein yields an incorrect structure [22], meaning the query and its
alignment must be compatible for the shortcut to operate.

Taken together, these observations led us to a hypothesis. If the query sequence matters chiefly by encoding a structure,
if different sets of homologs separate the trajectory more than different queries do, and if members of a fold family
converge only when an alignment is present, then what the model draws from the alignment may not be the evolutionary
relationship between those sequences and the query at all, but the structure that relationship happens to encode. If that
were so, an alignment assembled for an entirely different protein should serve just as well, provided the two proteins
share a fold and the alignment is supplied at the target’s structurally corresponding residues.

It does. Supplying a protein with only the structurally aligned columns of a different protein’s alignment, with every
other column gapped, raises the median TM-score against experiment from 0.442 to 0.717 in Sabmark pairs sharing
9% sequence identity, and from 0.568 to 0.762 in post-cutoff proteins that could not have been seen during training.
The same alignment displaced three residues along the chain, or scrambled across the same columns, performs worse
than supplying no alignment at all. Overwriting only those columns in a protein’s own working alignment is similarly
destructive.

What the model requires is therefore structural information in the correct register. The alignment is not merely
evolutionary evidence from which AlphaFold infers a fold, but a transferable description of structure that the model can
read directly when supplied in the correct register.

Our results suggest that the conventional reading of AlphaFold’s success, that the model has largely solved structure
prediction and that the alignment is a helpful but secondary input, therefore has it backwards. The alignment does
not seem to be a hint that the model exploits. Rather, it is where the fold comes from. Without it, the model does not
merely do worse—it fails to arrive at a global fold at all within a complete Pairformer pass, and even ten rounds of
recycling leave it short of the threshold for a correct fold [22, 25]. With it, the model need not search. It does not
propose an arrangement of secondary structure and test whether the arrangement is consistent. It reads the arrangement
from its input and spends the remainder of the computation refining what it was given. Seen this way the behavior is not
surprising. A model trained to minimize structural error, given inputs that reliably encode the answer, has no reason to
learn to derive from sequence what it can read from an alignment.

This is the titular shortcut: not a shortcut from evolutionary history to structure, but a shortcut from the structure
already latent in an alignment to the structure the model outputs. It is extraordinarily effective, and nothing in these
results diminishes that. But its effectiveness is also the reason the problem is not closed. Frontier models such as
ESMFold2 [36] and OpenDDE [37] still perform best when supplied with evolutionary information, which suggests
that the shortcut has not been superseded so much as inherited. Until a model can recover protein structure confidently
and accurately from sequence alone, without an input that already encodes much of the fold, we do not believe the
underlying problem has been solved.

If the model is indeed reading structure from the alignment, the finding also changes what one might do with that
fact. Alignment depth has long been treated as a fundamental constraint, and orphan proteins, designed sequences,
and fast-evolving families are hard cases because few homologs can be found. Our results suggest the constraint is
structural rather than evolutionary, meaning that the provided alignment need not be the protein’s own evolutionary
history but some other protein’s with a similar fold. Where a structural hypothesis exists—from a biophysical argument,
a partial model, or a low-resolution experiment—it may be possible to construct an alignment that conveys it. The same
logic applies to conformational heterogeneity. MSA subsampling is currently used to coax alternative conformations
from the model by removing sequences and observing what changes [38, 39]. If these results generalize, one might
instead supply, at the regions expected to switch, the aligned columns of a protein adopting the alternative fold. We
have not attempted either here, and both would require care that our experiments do not supply. But they follow from
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the mechanism, and they are not available under the view that the alignment’s value lies in its evolutionary relationship
to the query.

These findings also carry a lesson beyond structure prediction. Predictive accuracy alone does not reveal the computation
that produces it, and a model may achieve accurate outputs by exploiting information already present in its inputs rather
than by reproducing the process it is used to study. Causal interventions on internal representations, together with
readouts of intermediate states, make it possible to distinguish the two, and we expect them to be equally informative
for other biological models whose accuracy has outpaced our understanding of how it is achieved.
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4 Methods

4.1 Protein cohorts

In this study, we examined two cohorts of 200 monomeric proteins each, assembled in our previous work [22]. Proteins
in the novel cohort had no detectable sequence match exceeding 40% identity to any sequence deposited in the PDB
before September 30, 2021, the cutoff date for structures potentially available during AlphaFold 3 training. Proteins
in the similar cohort exceeded this threshold for at least one such sequence. All proteins examined in this study were
deposited after the cutoff date. Thus, the two cohorts differ in their degree of sequence similarity to proteins whose
structures may have been available during training, allowing us to examine whether this distinction influences AlphaFold
3’s predictions (see our previous work for cohort construction).

4.2 AlphaFold 3 predictions

All predictions in this study were generated using AlphaFold 3 [2], with the forward pass modified to allow the extraction
of internal representations. We introduced hooks to save these representations at selected checkpoints throughout
the model, without modifying the underlying architecture or the computations performed during structure prediction.
Full-MSA predictions used the complete alignment generated by the standard AlphaFold 3 data pipeline, while no-MSA
predictions used an alignment containing only the query sequence. The number of recycling iterations and diffusion
samples varied by experiment, as specified in the corresponding Methods subsections. To isolate the influence of the
MSA alone, no structural templates were used.

We augmented the forward pass to save the pair representation P ∈ RN×N×128 and the single representation S ∈
RN×ds at checkpoints A and B, and following each complete Pairformer pass from C1 through CN . Checkpoint
A was extracted following sequence initialization and before the MSA module, while checkpoint B was extracted
immediately after the MSA module and before the Pairformer. The Pairformer comprises 48 blocks, numbered 0
through 47 throughout this paper [2]. The checkpoints C1 through CN refer to representations extracted after complete
Pairformer passes, rather than individual blocks. In particular, C1 corresponds to the representation following block 47
of the first Pairformer pass.

In addition, we extracted representations following each of the 48 blocks during the first Pairformer pass for our
representational analyses. For the intermediate diffusion experiments, we selected seven of these blocks (14, 18, 24, 30,
36, 40, and 44) and independently generated structural predictions from their saved representations. Together with C1

and CN , this provided nine structural checkpoints per protein under the full-MSA condition. For the corresponding
no-MSA analysis, we examined blocks 18, 24, 30, 36, 40, and 44, together with C1 and CN , giving eight checkpoints
per protein.

4.3 Structural comparison metrics

Structural comparisons involving structures generated by AlphaFold 3 were performed using OpenStructure (OST)
[40]. Unless otherwise stated, the reference was the experimental structure deposited in the PDB; where comparisons
were instead made against the full-MSA prediction or another reference structure, this is specified in the corresponding
Methods section, Results section, or figure caption. Comparisons involving structures reconstructed from probe-decoded
distances, whose residues correspond to the reference by position rather than by sequence alignment, used the TM-score
procedure defined in Section 4.16.

Contacts. A residue pair (i, j) was classified as a contact if its Cα–Cα distance in the reference structure was less
than 8 Å. Pairs separated by fewer than six residues in the sequence were excluded as trivial neighbors [22, 41].
The remaining contacts were partitioned according to their sequence separation into short-range (6 ≤ |i− j| < 12),
medium-range (12 ≤ |i− j| < 24), and long-range (|i− j| ≥ 24) contacts. Contact retention was calculated as the
fraction of reference contacts preserved in the evaluated prediction. The contact probes described below used Cβ
distances, with Cα used for glycine, which lacks a Cβ atom. Cβ provides a measure of residue proximity that also
incorporates the position of the side chain. Apart from the contact probes and the category-specific recovery analysis,
all contact comparisons used Cα exclusively.

Secondary structure. Secondary-structure assignments were computed using DSSP [42, 43], implemented through
mkdssp [42], which was applied independently to each structure. Chain identifiers longer than one character, as
produced by AlphaFold 3, were first renamed to single characters. Helices comprised residues assigned H, G, or I, while
strands comprised residues assigned E or B [42, 44]. Retention was calculated as the fraction of residues assigned to a
given class in the reference structure that retained the same classification in the evaluated prediction. This is a per-residue
comparison and does not require the corresponding structural elements to occupy the same three-dimensional positions.
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Exact β-bridge partnerships. A β-bridge is a specific hydrogen-bonding pattern between two residues, as defined
by DSSP [27, 42, 45]. We identified all bridge partnerships in the reference structure and calculated the fraction for
which the same residue pair was also assigned a bridge in the evaluated prediction. This is stricter than strand retention
because it requires the recovery of the correct pairing partner, rather than simply the preservation of a strand assignment.

Global structural agreement. We computed a superposition-free geometric agreement metric, defined as the fraction of
all upper-triangular Cα–Cα pairwise distances in the evaluated structure that differed from their corresponding distances
in the reference structure by no more than 2.0 Å. This measures the preservation of three-dimensional relationships
between residue pairs without requiring structural superposition or secondary-structure assignment. Unlike TM-score,
which summarizes structural similarity following alignment, this metric directly measures the fraction of pairwise
distances that agree within a specified tolerance.

Radius of gyration. We computed the radius of gyration from Cα coordinates and reported it as a ratio relative to the
final full-MSA prediction, CN . Values below 1.0 indicate that the evaluated structure is more compact than the final
full-MSA prediction.

4.4 Activation patching at checkpoint B

To test whether partial restoration of the MSA-enriched pair representation could recover lost structural relationships,
we performed activation patching at checkpoint B, immediately after the MSA module but before the Pairformer. For
each protein, we obtained the pair representations from both a full-MSA and a no-MSA forward pass, denoted PMSA

B

and P noMSA
B , respectively. We then defined the MSA-enriched difference as

∆B = PMSA
B − P noMSA

B .

Given a set of selected anchor residues, A, we constructed a patched representation by replacing the rows and columns
corresponding to these residues in the no-MSA representation with their full-MSA values:

P̃B,ij =

{
PMSA
B,ij , if i ∈ A or j ∈ A,

P noMSA
B,ij , otherwise.

This patched representation was then passed through the Pairformer and diffusion module to generate a predicted
structure. Because selecting a single anchor restores its pairwise relationships with every other residue in the protein,
our intervention reintroduces the broader representational context of that residue, rather than simply restoring its isolated
local properties.

4.5 Anchor selection strategies

Anchors were selected according to one of three strategies:

Contact-selected. Residues were ranked by the number of long-range contacts in which they participated within the
full-MSA prediction, and the top k residues were selected, with ties broken arbitrarily.

Conservation-selected. Residues were ranked by increasing column entropy in the MSA, with lower entropy indicating
greater sequence conservation, and the top k residues were selected [46].

Random. Residues were selected uniformly at random without replacement.

For the disjoint-set analysis (Supplementary Figure S1D), we partitioned each ranked list into four mutually exclusive
sets of 40 residues and performed the patching experiment independently for each set. The titration across anchor
counts and selection strategies is described in Supplementary Methods, Section S8.

4.6 MSA-module contribution

We isolated the MSA-specific contribution of the MSA module by calculating the change in the pair representation
between checkpoints A and B under both the full-MSA and no-MSA conditions:

UMSA = PMSA
B − PMSA

A ,

UnoMSA = P noMSA
B − P noMSA

A .
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We then defined the MSA-specific module contribution as the difference between these two updates:

M = UMSA − UnoMSA.

Writing the difference already present at checkpoint A as

∆A = PMSA
A − P noMSA

A ,

we obtain the exact identity

∆B = ∆A +M.

This identity was verified numerically for every protein, with a residual below 10−6.

To determine how much of the difference at checkpoint B was attributable to the MSA-specific module contribution, we
calculated the projection coefficient:

⟨M,∆B⟩
∥∆B∥2F

.

The reported contribution of 99.5% corresponds to this coefficient. We also calculated the corresponding coefficient for
∆A and the cosine similarity between M and ∆A, after flattening the representations into vectors.

4.7 Magnitude–direction decomposition

For each residue pair (i, j), we decomposed the 128-dimensional MSA-specific module contribution, Mij , into its
magnitude and unit direction:

mij = ∥Mij∥2,

M̂ij =
Mij

∥Mij∥2
.

We used this decomposition to characterize the spatial organization of the MSA-specific contribution. We also used
the same magnitude–direction decomposition for the swap experiments described below, although those experiments
decomposed the native and shuffled module updates separately rather than decomposing their difference, M .

To examine how the magnitude was distributed across residue pairs, we formed an N × N matrix containing the
magnitude of each pairwise contribution. We then computed its singular-value decomposition and calculated the
effective rank [28]:

erank = exp(H),

where

H = −
∑
k

pk log pk, pk =
σ2
k∑
j σ

2
j

.

Here, σk denotes the kth singular value, and pk is its normalized contribution to the squared singular-value spectrum.

4.8 Within-column MSA shuffling

To disrupt cross-column evolutionary relationships while preserving the amino-acid composition of individual alignment
columns, we independently shuffled selected MSA columns, following the protocol described in our previous study
[22]. Within each selected column, we randomly permuted the amino-acid identities of homologous sequences while
keeping the query sequence and all gap positions fixed. This preserved the amino-acid frequencies and gap pattern of
each column while disrupting relationships between amino acids occurring together across different columns.
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We applied this perturbation at seven shuffle fractions: 10%, 20%, 40%, 70%, 90%, 95%, and 99% of the eligible
columns. At each fraction, we generated a new AlphaFold 3 prediction and extracted the corresponding MSA-specific
module contribution, M ′.

To quantify the representational changes caused by shuffling, we calculated the cosine similarity and relative perturbation
between the native and shuffled contributions:

cos(M,M ′) =
⟨M,M ′⟩

∥M∥F ∥M ′∥F
,

Relative perturbation =
∥M −M ′∥F

∥M∥F
.

These calculations were performed after flattening the representations into vectors. We also measured the Jaccard index
between the Cα-based contact maps of the native and shuffled structural predictions.

4.9 Magnitude–direction swap experiments

To determine whether the structural consequences of the MSA-module contribution depended on its magnitude, its
direction, or both, we calculated the module updates under the native and 99%-shuffled conditions:

Uc = P c
B − P c

A,

Us = P s
B − P s

A.

Here, c denotes the native alignment and s denotes the shuffled alignment. These are the module updates within each
condition, rather than the MSA-specific difference M defined above.

We independently decomposed these two updates into magnitude and direction for each residue pair and constructed
four conditions by recombining their corresponding components. For each residue pair (i, j), we defined

cc : ∥Uc,ij∥2Ûc,ij , native magnitude, native direction,

sc : ∥Us,ij∥2Ûc,ij , shuffled magnitude, native direction,

cs : ∥Uc,ij∥2Ûs,ij , native magnitude, shuffled direction,

ss : ∥Us,ij∥2Ûs,ij , shuffled magnitude, shuffled direction.

For each hybrid update, Uh, we constructed the target checkpoint-B representation by adding the hybrid to the native
checkpoint-A representation:

P target
B = P c

A + Uh.

Because computation proceeded using a no-MSA forward pass, the live representation at checkpoint B was initially
P noMSA
B . We therefore added the following increment to the live representation:

∆inject = P target
B − P noMSA

B .

This procedure replaces the live checkpoint-B state with the intended hybrid representation. Under the control condition,
the target becomes

P c
A + Uc = P c

A + (P c
B − P c

A) = P c
B ,

exactly reproducing the native checkpoint-B representation. Computation then proceeded normally through the
Pairformer and diffusion module, and the resulting structures were compared against the full-MSA prediction using
TM-score.

For each protein, we defined the direction rescue as
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Rdirection =
Tsc − Tss

Tcc − Tss
,

and the magnitude rescue as

Rmagnitude =
Tcs − Tss

Tcc − Tss
,

where T denotes the TM-score against the full-MSA prediction.

A rescue value of 1.0 indicates that restoring the corresponding component recovers the control structural prediction to
the same extent as the native contribution, while a value of 0.0 indicates no recovery relative to the shuffled condition.

To avoid dividing by a near-zero denominator, we required

Tcc − Tss > 0.1.

Of the 200 novel proteins examined, 43 did not pass this filter and were excluded from the rescue-ratio analysis.

4.10 MSA-module persistence across Pairformer blocks

To track how much of the original MSA-specific module contribution remained aligned with the evolving pair
representation, we projected the difference between the full-MSA and no-MSA representations at each Pairformer block
onto the original contribution, M .

For each block l, we defined the MSA-dependent component as

P̃ (l) = P
(l)
MSA − P

(l)
noMSA.

Both representations were extracted at the same block, allowing us to isolate the difference between the two conditions
at that depth. We then calculated the projection coefficient

projM (l) =
⟨P̃ (l),M⟩
∥M∥2F

.

This scalar measures how much of the original contribution remains aligned with the evolving representation. These
values are projection coefficients, rather than normalized component magnitudes.

We further decomposed the representation into the component aligned with M and an orthogonal residual:

P
(l)
M = projM (l)M,

R(l) = P̃ (l) − P
(l)
M .

To compare the relative magnitudes of these components, we calculated

∥P (l)
M ∥F

∥P̃ (l)∥F
and

∥R(l)∥F
∥P̃ (l)∥F

.

These normalized component magnitudes are distinct from the projection coefficient itself.

4.11 Contact probes across Pairformer blocks

To determine when contact information became decodable from the pair representation, we trained ridge-regression
[47] probes and evaluated them at each of the 48 Pairformer blocks and checkpoint B, giving 49 probes in total.

Training. Each probe was a standardized ridge-regression classifier operating on the 128-dimensional pairwise feature
vector Pij . Features were standardized to zero mean and unit variance, and the regression was fitted with a regularization
parameter of λ = 10.0.
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We assigned a binary target of +1 to residue pairs with a Cβ–Cβ distance below 8 Å, using Cα for glycine, and −1 to
pairs with a distance of at least 10 Å. Pairs between 8 and 10 Å were excluded to separate the positive and negative
classes more clearly. Only long-range residue pairs, with sequence separation of at least 24 residues, were included.

For probe training, we used 100 similar-cohort proteins and reserved another 40 for generic evaluation. All 200
novel-cohort proteins were excluded from both sets and reserved for the shuffling and hybrid analyses. The three groups
were mutually disjoint, and the same trained probe weights were used for all subsequent evaluations.

Performance was measured using the area under the receiver operating characteristic curve (AUROC) [29].

Native-versus-shuffled contact preference. We then applied the trained probes, without refitting them, to the four
magnitude–direction conditions at each Pairformer block.

For each protein, we identified native-only contacts, which were present in the native prediction but absent from the
shuffled prediction, and shuffled-only contacts, which were present in the shuffled prediction but absent from the native
prediction.

We measured how frequently the probe assigned a higher contact score to a native-only pair than to a shuffled-only pair,
matching the compared pairs by sequence separation within a tolerance of four residues.

We refer to this separation-matched ranking statistic as the control preference. A value of 0.5 corresponds to chance-level
discrimination, while a value of 1.0 indicates that native-only contacts were always ranked higher. Ties were assigned a
value of 0.5.

Generic versus fold-specific contact evaluation. Generic AUROC measured contact versus non-contact discrimination
on the 40 held-out similar-cohort proteins. Fold-specific AUROC measured discrimination between contacts unique to
the native and shuffled predictions on the 200 reserved novel-cohort proteins, using the same frozen probe weights and
sequence-separation-matched comparisons. The hybrid-preference analysis also used these 200 novel proteins.

4.12 Intermediate diffusion readouts

To determine when the evolving pair representation could support accurate coordinate generation, we generated
independent structural predictions from saved intermediate Pairformer states.

At each checkpoint, we passed the saved pair and single representations to the unmodified diffusion module and
generated a single diffusion sample. Under the full-MSA condition, we examined seven Pairformer blocks (14, 18, 24,
30, 36, 40, and 44), together with C1 and CN . This provided nine structural checkpoints for each of the 400 proteins.

Under the no-MSA condition, we examined the corresponding checkpoints except for block 14, providing eight
structural checkpoints for the 200 novel proteins.

Although these representations were collected from successive stages of the same Pairformer computation, the resulting
structures were generated through separate diffusion runs. They therefore represent independent structural readouts of
the evolving representation, rather than successive coordinate states from a single diffusion trajectory.

Each intermediate structure was compared against the experimental structure using TM-score. We also compared the
intermediate structures against the final full-MSA prediction using the structural metrics described above.

Because the diffusion module was trained to generate coordinates from the completed representation, its behavior on
intermediate representations may differ from its behavior during a standard prediction. These intermediate structures
should therefore be interpreted as readouts of the structural information accessible to the diffusion module at each
checkpoint, rather than as optimized structural predictions or physical folding intermediates.

4.13 Disjoint-MSA subsets

To test whether the structural trajectory through the Pairformer depended on which homologs were provided, we
constructed two evolutionarily independent MSA subsets for each qualifying protein in the novel cohort.

From each protein’s full MSA, we pooled every homolog sharing ≤ 30% identity with the query and covering
≥ 50% of the query-aligned columns. Identity between any two sequences was computed over query-aligned columns,
excluding positions where either sequence carried a gap; pairs sharing fewer than 20% of query columns were treated as
unverifiable and rejected. From this pool we drew two disjoint subsets of five sequences each by greedy selection from
a random permutation, adding a candidate to subset A only if it shared ≤ 50% identity with every sequence already
in A, and to subset B only if it additionally shared ≤ 30% identity with every sequence in A. Selection was restarted
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with a new permutation if either subset could not be completed. Of the 200 novel proteins, 100 satisfied all constraints;
across these, the maximum cross-subset identity was 0.300 and the median 0.289.

Each protein was folded twice—once with each subset—using 0 recycles, a single diffusion sample, no templates, and
intermediate saving at all 48 Pairformer blocks, with the model seed held fixed. Intermediate structures were generated
from blocks 14, 18, 24, 30, 36, 40, 44, and the final output (CN ) using the diffusion protocol described above.

4.14 Query substitution

To separate the contribution of the query sequence from that of the alignment, we replaced the query while holding the
subsets fixed. Each variant was folded with both subsets under the settings above, giving four conditions per subset: the
original query (Q), a natural homolog (H), a designed sequence (MPNN), and a shuffled sequence.

Homolog queries (H). From each protein’s full MSA we selected a homolog sharing 30–90% identity with the query
and covering ≥ 90% of its columns, excluding any sequence belonging to subset A or B, and preferring homologs with
an experimental structure in the PDB (at least 95% identity over at least 90% of their length); among the remainder we
took the candidate closest to 60% identity. Each subset was then re-anchored onto the homolog: using the homolog’s
own row in the query’s alignment, columns occupied by the homolog were retained as match states, columns where it
carried a gap became insertions, and its own insertions became new columns. Every re-anchored row was verified to
preserve its residues exactly and to contain one match state per homolog residue. Of the 100 proteins, 96 had an eligible
homolog; the median identity to the query was 0.60.

Designed queries (MPNN). We used ProteinMPNN [32] to design a new sequence for each protein’s own predicted
backbone, taken from its final full-MSA prediction. We generated one sequence per backbone at a sampling temperature
of 0.3 with a fixed random seed, with no positions fixed, no residues omitted, and no bias applied. The resulting designs
shared a median of 45% identity with the native query (range 25–57%) and, by construction, matched its length exactly.

Shuffled queries. We randomly permuted the residues of the query sequence, preserving its length and amino-acid
composition while destroying any structural signal it carried. The median identity to the native query was 5%.

Because the designed and shuffled queries preserve the length of the original, they occupy the same alignment columns,
and only the query row of each subset was replaced. For the homolog queries, residues were mapped back to the
original numbering through the re-anchoring described above.

4.15 Probing the pair representation

To determine what structural information the pair representation contains, independently of the diffusion module, we
trained linear probes to decode final Cα–Cα distances from the pair representation at each stage of the first Pairformer
pass. We used the representations at checkpoints A and B and after each of the 48 Pairformer blocks, giving 50 layers
per protein, from runs with the full MSA and from runs with the query sequence alone.

For each unordered residue pair (i, j) at layer ℓ, the input was the concatenation of the two directional pair embeddings
and a constant term,

x
(ℓ)
ij =

[
P

(ℓ)
ij ∥P (ℓ)

ji ∥ 1
]
∈ R257,

and the target was the Cα–Cα distance yij between residues i and j in the protein’s final full-MSA prediction. The
target was therefore held fixed across layers, and only the representation varied. A separate ridge-regression probe was
fitted at each layer by minimizing a protein-equal-weighted squared error,

L =
1

P

P∑
p=1

1

np

∑
(i,j)∈p

(
ypij − x⊤

pijβ
)2

+ λ∥β∥2, λ = 1,

where P is the number of training proteins and np is the number of residue pairs in protein p, so that longer proteins did
not dominate the fit. Probes were trained exclusively on the 200 proteins of the similar cohort and evaluated exclusively
on the 200 proteins of the novel cohort, so that no evaluated protein was seen during training. Two families of probes
were trained: one on representations generated with the full MSA, and one on representations generated without it.
Each condition was decoded by the probe trained on representations of the same type. As a control for differences in
representational format, each probe was also applied to representations of the other type. Negative decoded distances
were set to zero. The same full-MSA probe was applied to the disjoint-subset and query-substitution runs.
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4.16 Reconstruction and evaluation of decoded structures

For each protein and layer, the decoded distances were assembled into a symmetric matrix D̂ and converted into
three-dimensional Cα coordinates by classical multidimensional scaling [31]. The squared distance matrix was
double-centered,

B = − 1
2 JD̂

(2)J,

where J is the centering matrix, and coordinates were obtained from the eigenvectors of the three largest eigenvalues of
B, scaled by the square roots of those eigenvalues. Because classical multidimensional scaling determines coordinates
only up to reflection, both the reconstruction and its mirror image were evaluated, and the higher score was retained.

Each reconstruction was compared against the final full-MSA prediction using TM-score with the residue correspon-
dence fixed by sequence position,

TM =
1

L

L∑
i=1

1

1 + (di/d0)2
, d0 = 1.24 (L− 15)1/3 − 1.8,

where di is the distance between corresponding Cα atoms after superposition and L is the number of residues. The
superposition was chosen to maximize TM-score, searching over superpositions seeded from contiguous fragments of
the chain and refined iteratively.

We additionally computed four measures directly from the decoded distances or reconstructions: the coefficient of
determination R2 between decoded and final distances over all residue pairs; per-residue lDDT computed from the
decoded distances, defined for residue i as the fraction of partners j within 15 Å in the final structure whose decoded
distance lay within 0.5, 1, 2, and 4 Å of the final distance, averaged over the four thresholds, and calculated both over
all partners and over long-range partners alone (|i − j| ≥ 24); the ratio of the reconstruction’s radius of gyration to
that of the final structure; and the Jaccard index between the long-range contact maps (Cα–Cα distance below 8 Å,
|i − j| ≥ 24) of the reconstruction and the final structure. A protein was considered to have a decodable fold at a
given layer if its reconstruction reached a TM-score of at least 0.5 [26]. All measures were computed per protein and
reported as medians across the novel cohort, with interquartile ranges. Control baselines are described in Supplementary
Section S5.

For comparison with the diffusion readouts (Section 4.12), the readouts generated with and without the MSA were
evaluated against the same final full-MSA prediction, using the same TM-score procedure.

4.17 Trajectory comparison

Trajectories were compared in two ways. Progress toward the fold was the TM-score of each run’s probe reconstruction
against the original query’s final full-MSA prediction, computed as described above; for homolog queries, residues
were first mapped back to the original numbering, and the comparison was restricted to mapped positions. Similarity
between runs was the TM-score between the probe reconstructions of two runs of the same protein at the same layer,
with residue correspondence fixed by position, taking the mean of the two normalizations and retaining the better of the
two mirror images. Runs differing in query were compared within the same MSA subset.

4.18 Display of reconstructed structures

For the structures shown in Figure 4B–C, each classical reconstruction was refined against its decoded distances to
improve local geometry for display. Coordinates were optimized by minimizing the weighted squared difference
between reconstructed and decoded distances, with weights 1/max(D̂ij , 3.8)

2 so that short distances were fitted more
closely, together with a harmonic restraint holding consecutive Cα atoms at 3.8 Å and a penalty on any Cα pair closer
than 3.8 Å. Optimization used L-BFGS for up to 300 iterations. Each refined reconstruction, and its mirror image, was
superimposed onto the final structure by the TM-score-maximizing superposition described above, and the orientation
with the higher TM-score was retained. Full backbones were then rebuilt from the Cα traces with PULCHRA [48]
for visualization. Residues were colored by the distance between their reconstructed and final Cα positions. This
refinement was used only for display; all reported measures were computed from the unrefined classical reconstructions.
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4.19 MSA transplantation

To test whether the structural information AlphaFold 3 extracts from an alignment depends on that alignment’s
evolutionary relationship to the query, we supplied each target protein with the alignment of a different protein that
shares its fold.

Pair selection. For Sabmark, structural alignments between domains of the same group were taken from the benchmark’s
own correspondences. Pairs were required to share at least 30 aligned residues, and each protein was used in at most
one pair. From the same 98 proteins examined above, this gave 47 pairs and 94 ordered transplants, each protein
serving once as target and once as donor. No pair exceeds 19.5% sequence identity and the median is 9.4%, so no donor
could be retrieved by a sequence search starting from its target. We verified this directly: across all 47 pairs, not one
sequence appears in both the donor’s and the target’s alignment, from alignments averaging roughly 2,000 sequences
each, and the highest identity between a donor’s query and any sequence in its target’s alignment is 27.3% in the median,
against 25.2% for proteins drawn from different structural groups. By this measure the pairs are indistinguishable from
unrelated proteins, and whatever structural information a transplant supplies was unavailable to the target through its
own homology search. Classified against SCOP 1.65, the release on which Sabmark is built, 32 of the 47 pairs fall
in different families and 15 of those in different superfamilies, where the superfamily boundary reflects a judgement
about the evidence for common descent rather than a fixed threshold, so separation at that level does not exclude remote
homology, and our interpretation does not rest on it.

For the novel cohort, no such correspondences exist, so we computed all pairwise structural alignments among the 200
final full-MSA predictions with TM-align [26] and took the residue correspondence from the resulting alignment. We
retained pairs with a TM-score of at least 0.5 normalized by the shorter chain, no more than 30% sequence identity over
the aligned residues, alignment coverage of at least 0.5 in both partners, and a DSSP strand fraction of at least 0.15
in both, so that the folds examined were not helical bundles. Using each protein once gave 19 pairs and 38 ordered
transplants, spanning 6.7–23.7% sequence identity and TM-scores of 0.50–0.69. To our knowledge, these proteins
postdate SCOPe’s coverage and are unclassified, so their pairs were selected on structural similarity and sequence
divergence alone, without reference to any assertion about their evolutionary relationship. Alignment coverage of a
target is the number of aligned residues divided by the length of that target’s chain; for pair-level filters we used the
smaller of the two partners’ coverages.

Transplant construction. Let (i, j) denote the residue pairs of the structural alignment between target A and donor B.
Every sequence of B’s unpaired alignment was rewritten onto A’s columns by placing the residue at B’s column j into
A’s column i; insertions, which occupy no column of A, were discarded. In the gapped transplant, every other column
of A was set to a gap, so that the transplanted alignment describes only those positions whose structural correspondence
is established. In the ungapped transplant, A’s unaligned columns were additionally filled from B’s intervening residues,
with any surplus trimmed from the middle of each stretch. A’s own query sequence was retained unchanged as the
first row of every condition, and the paired alignment was left empty throughout, including in the controls, so that all
conditions rely on the unpaired alignment alone. Rows retaining fewer than ten residues after mapping were discarded.

Controls and ablations. The coverage-matched control retains A’s own alignment but gaps every column outside the
aligned set, so that it supplies the same positions as the transplant from the target’s own homologs. The register-shift
ablations displace the mapping k residues along A (i → i+ k, k = 3, 7), preserving donor residue adjacency while
destroying structural correspondence; the scramble ablation sends the donor’s columns to a random permutation of
A’s aligned columns, destroying both. The corrupted-column ablation retains A’s own alignment everywhere except
the aligned columns, which are overwritten row by row with residues drawn from structurally unaligned positions of
the donor; the masked ablation gaps those same columns instead, separating the loss of correct information from the
introduction of incorrect information. The donor-complement ablation supplies only the donor content falling outside
the aligned columns. Each ablation supplies the same donor alignment at the same depth, and the register-shift and
scramble ablations occupy the same number of columns as the transplant itself, so that they differ from it only in where
those columns land.

Prediction and scoring. All transplants, controls and ablations were folded with 0 recycles, a single diffusion sample,
no templates, a fixed model seed, and intermediate saving at all 48 Pairformer blocks. Final structures were compared
against the experimental structure, taking the chain named by the domain identifier for Sabmark domains and the
longest chain for the novel cohort, with TM-score normalized by the predicted structure so that a domain is scored
within its experimental chain; they were also compared against the target’s own final full-MSA prediction. Intermediate
representations were decoded with the full-MSA distance probes of Section 4.15, without retraining, and reconstructed
as described in Section 4.16.

Contiguous-block transplant. As a variant of the gapped transplant, we copied only runs of at least three consecutive
aligned residue pairs, discarding fragmented single-residue correspondences and preserving the donor’s own residue
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adjacency within each block. On the higher-coverage Sabmark pairs this produced alignments identical to the gapped
transplant, since those structural alignments contain no runs shorter than three residues, and it was therefore not
extended to the remaining pairs.

4.20 Sabmark trajectories

We applied the distance probes described above (Section 4.15), without retraining, to the 48-block pair representations
of 98 Sabmark [33] proteins folded with and without their full MSAs, decoding each condition with the probe trained
on representations of the same type and using each protein’s final full-MSA prediction as its reference. Residue
correspondence between proteins of the same group was taken from their structural alignments. For each same-group
pair with at least 30 aligned residues, we computed at every block the TM-score between the two reconstructions on
their aligned residues, taking the mean of the two normalizations and retaining the better of the two mirror images,
together with the Cα RMSD of the aligned residues after optimal superposition. As a ceiling, the same measures were
computed between the partners’ final predicted structures, with and without the MSA. As a baseline, each protein was
paired with a protein from a different group, and the two were aligned by position over the same number of residues. To
relate convergence to sequence identity, we divided pairs into identity quartiles and compared both the raw agreement
and the agreement expressed as a fraction of the full-MSA ceiling.

4.21 Recycling

Except where stated, all predictions in this study used a single Pairformer pass with no recycling and one diffusion
sample, so that each analysis reflects a single forward computation. The exception is the no-MSA condition in the novel
cohort, for which we additionally generated structures at every recycling iteration from C1 through C10, allowing us to
establish how far repeated passes carry a prediction made without evolutionary information.

4.22 Statistical reporting

All reported medians, fractions, and counts were calculated across the relevant set of proteins: the 200 novel proteins, the
200 similar proteins, the 400 proteins pooled, the 100 novel proteins used in the disjoint-subset and query-substitution
analyses (96 for homolog queries), the 94 Sabmark targets and 542 same-group pairs used in the fold-partner and
transplant analyses, or the 38 novel-cohort targets of the transplant replication, as specified in each analysis. Measures
from the two MSA subsets were pooled when reporting medians; for paired comparisons, values were averaged over the
two subsets within each protein. Where a condition was run on only part of a set, the number of proteins contributing
is given with the result. Shaded bands in figures—whether in the manuscript or Supplementary Information—denote
interquartile ranges across proteins.

We used Wilcoxon signed-rank tests [49] for paired comparisons between conditions within the same proteins. All
statistical tests were two-sided, and the corresponding p-values are reported with the relevant results.
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Figure 2: Sparse restoration of the MSA recovers long-range structural organization in 8R5N. (A) Structural overlays against
experiment (gray) for the full-MSA prediction, the 40-residue anchor intervention, and the no-MSA prediction (blue).
Corresponding TM-scores against experiment are 0.984, 0.961, and 0.261. (B) Cα distance matrices for the experimental structure,
full-MSA prediction, no-MSA prediction, and anchor intervention. Long-range contact counts are 131, 136, 40, and 123,
respectively. Exact β-bridge partnerships are lost without the MSA and recovered following anchor restoration.
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Figure 3: The Pairformer transforms the MSA into structural geometry. (A) Projection of the evolving MSA-dependent
representation onto the original MSA-module contribution (blue), alongside intermediate experimental TM-score (orange). (B)
Relative contributions of the original MSA-aligned component and the orthogonal residual. (C) Generic and fold-specific
contact-probe AUROC [29] across Pairformer blocks. (D) Native-contact preference with native direction preserved (blue) and its
difference from the fully shuffled condition (orange). Their respective baselines are 0.5 and 0. (E) Per-protein experimental
TM-scores across intermediate checkpoints in the novel and similar cohorts (n = 200 each). (F) Left: median TM-score against
experiment for structures diffused independently from the saved representations at each checkpoint, with and without the MSA (see
Supplementary Information Section S4). Right: cosine similarity between the pair representation at each block and the final
representation of the same run. The late structural improvement is substantially greater with the MSA, while the final Pairformer
block produces a pronounced representational change.
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Figure 4: With the MSA, the global fold becomes decodable from the pair representation within the first ten Pairformer
blocks; without it, the fold does not emerge for most proteins. (A) Linear probes trained on the similar cohort decode Cα–Cα
distances of the final structure from the pair representation at checkpoints A and B and after each of the 48 blocks of the first
Pairformer pass, for the 200 novel proteins with the full MSA (blue) or without it (orange). Panels show, from left to right and top to
bottom: TM-score of the reconstructed structure against the final structure; the percentage of reconstructions that reach a TM-score
of at least 0.5; long-range lDDT (|i− j| ≥ 24) computed from the decoded distances; the coefficient of determination (R2) of the
decoded distances; the radius of gyration of the reconstruction as a ratio of its final value; and the Jaccard overlap between the
long-range contact maps of the reconstruction and the final structure. Lines are medians and shaded bands are interquartile ranges.
(B–C) Structures of 8R5N reconstructed from the decoded distances without the MSA (B) and with it (C), at checkpoint B and
Pairformer blocks 5, 9, 14, 24, 30, 36, 40, and 47. Each residue is colored by the distance of its Cα atom from its position in the final
structure after superposition: dark blue, ≤ 1 Å; light blue, 1–2 Å; yellow, 2–4 Å; orange, > 4 Å. See Methods for probe training,
reconstruction, and display refinement. 28
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Figure 5: An alignment built for a different protein recovers the fold, provided it is supplied with the right correspondence.
(A) Two proteins sharing a fold at low sequence identity are aligned structurally (here the Sabmark domains of 1EVH, in blue, and
1MKE, in grey), and the columns of the donor’s alignment that correspond to aligned residues are written onto the target’s columns;
every other column of the target is gapped. The target’s own query sequence is retained as the first row. The resulting prediction is
compared against the prediction obtained with no alignment at all, attaining a TM-score of 0.93 against 0.37, so that the transplanted
alignment alone rescued an otherwise degenerate fold. In the final overlay, the predicted structure of 1EVH is shown in blue and its
experimental structure in white. (B) Sabmark pairs (94 targets) and (C) novel-cohort pairs (38 targets). Left: median TM-score of the
probe reconstruction against the target’s own final full-MSA prediction, at each Pairformer block. Right: the percentage of targets
whose reconstruction reaches a TM-score of at least 0.5. Lines are medians and shaded bands interquartile ranges; markers to the
right of each panel give the diffusion readout of the block-47 representation (CN ). Register shifted 3 displaces the transplanted
columns three residues along the target chain; register scrambled sends them to a random permutation of the same columns,
destroying their order as well as their placement. Both supply the identical donor alignment at the same depth and occupancy.
Remaining conditions are reported in Supplementary Tables S7–S11.
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S1 The structural deficit without the MSA

Table S1 gives the retention measurements underlying Supplementary Figure S1B for both cohorts. Retention is
measured against each protein’s own full-MSA prediction rather than against experiment, so it isolates which parts
of the model’s preferred structural solution survive the removal of the MSA rather than conflating that question with
prediction accuracy.

Feature Novel Similar

Helical residues 0.84 0.85
Strand residues 0.71 0.65
Exact β-bridge partnerships 0.42 0.36
Contacts, short range (6 ≤ |i− j| < 12) 0.45 0.43
Contacts, medium range (12 ≤ |i− j| < 24) 0.40 0.37
Contacts, long range (|i− j| ≥ 24) 0.28 0.21

Table S1: Fraction of each structural feature present in a protein’s full-MSA prediction that is retained in its no-MSA prediction.
Medians across 200 proteins per cohort.

Two features of this table are worth drawing out. First, the ordering is identical in both cohorts and the gradient runs
monotonically with sequence separation. Whatever the MSA supplies is therefore not distributed uniformly over the
structure but concentrated in the relationships between residues distant in sequence. Second, the β-bridge measure is
considerably stricter than strand retention, since it requires recovering the correct pairing partner rather than merely a
strand assignment, and it is accordingly far more sensitive to MSA removal. The two measures differ by roughly thirty
percentage points in both cohorts, which is to say that AlphaFold 3 without an MSA frequently produces strands it
cannot pair correctly.

S2 Sparse restoration of the MSA-enriched representation

S2.1 Dose response and selection strategy

We titrated the MSA-enriched pair representation into increasing numbers of anchors, selecting them according to
contact information, sequence conservation, or at random (Supplementary Figure S1E–F). We tested absolute anchor
counts of 10, 20, and 40 residues and proportional counts of 5%, 10%, and 20% of sequence length under each of
the three strategies. Recovery increased monotonically across the tested fixed counts and proportional doses, with 40
residues the largest fixed count examined, so the curve had not saturated at the doses we could test.

Of the 400 proteins, 328 had an experimental TM-score gap between the no-MSA and full-MSA predictions exceeding
0.1. The remaining 72 were excluded from the fractional-recovery analysis because their gaps were too small to define
a stable ratio.

The advantage of contact-selected over randomly selected anchors depended strongly on how poor the no-MSA
prediction was to begin with (Supplementary Figure S1G). Stratifying by the quality of that baseline, the advantage was
greatest in the hardest quartile and diminished monotonically as baseline accuracy improved, approaching zero in the
easiest quartile. Where the model already recovers much of the fold without evolutionary information, it matters little
which residues are enriched; where it does not, the choice matters a great deal.

Contact retention by sequence separation under each intervention is shown in Supplementary Figure S1C. In the novel
cohort, long-range-contact retention relative to the full-MSA prediction was 28% without the MSA, 33% with 10
contact-selected anchors, 63% with 40 random anchors, and 73% with 40 contact-selected anchors.

S2.2 Recovery beyond the restored pairs

Because selecting an anchor replaces its pairwise representations with every other residue, recovery among pairs
containing an anchor could arise directly from the injected information. To separate direct from indirect recovery, we
divided long-range residue pairs into three categories: UU, where neither residue was selected as an anchor; IU, where
exactly one was; and II, where both were (see Methods).

Approximately 68% of all long-range pairs fell into the untouched UU category, in which no portion of the pair entry
was directly replaced. Restoration of 40 contact-selected anchors nevertheless closed 34.9% of the available gap in
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Figure S1: Evolutionary information preferentially supports nonlocal structure, which can be recovered through sparse
interventions. (A) TM-score against experiment with and without the MSA in novel and similar proteins (n = 200 each). (B)
Retention of helices, strands, exact β-bridge partnerships, and contacts grouped by sequence separation, measured relative to the
full-MSA prediction. (C) Contact retention by sequence separation in the novel cohort following MSA removal and restoration of
the MSA-enriched pair representation at 10 or 40 contact-selected residues, or 40 randomly selected residues. (D) TM-score against
experiment following interventions at four mutually disjoint sets of 40 contact-selected or conserved residues. (E) TM-score against
experiment as a function of the absolute number of anchor residues—those whose MSA-enriched pair representations were restored
within the no-MSA state—using contact-based, conservation-based, or random selection in both cohorts. (F) Corresponding dose
response when the number of anchors is specified as a percentage of sequence length. The dashed reference lines in (E) and (F)
indicate full-MSA and no-MSA prediction accuracy. (G) Advantage of contact-selected over randomly selected anchors in fractional
TM-score recovery, stratified by the quality of the original no-MSA prediction. (H) Distributions of structural quality, measured by
TM-score, for the no-MSA predictions, predictions following restoration at 40 contact-selected anchors, and full-MSA predictions,
shown separately for the novel and similar cohorts. See Methods for cohort definitions, anchor selection, recovery calculations, and
structural metrics.
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balanced contact-map accuracy for these pairs in the novel cohort, and 49.4% in the similar cohort. Recovery rose to
50.6% and 64.6% for IU pairs, and to 62.9% and 81.0% for II pairs.

Pair category Novel Similar

UU (neither residue an anchor) 0.349 0.494
IU (one residue an anchor) 0.506 0.646
II (both residues anchors) 0.629 0.810

Table S2: Fraction of the gap in balanced long-range contact-map accuracy between the no-MSA and full-MSA predictions closed
by restoration at 40 contact-selected anchors, by whether the pair’s representation was directly modified. Medians across 200
proteins per cohort.

Thus, although directly restoring the representations associated with a pair produced greater recovery, substantial
recovery still occurred among pairs that were never explicitly enriched. The Pairformer and the downstream structure-
generation modules can therefore use the restored information to reconstruct additional relationships throughout the
protein, rather than merely transcribing what was injected.

S3 The MSA module’s contribution

S3.1 Spatial organization

For each residue pair, the MSA module produces a 128-dimensional update, which we decomposed into its magnitude,
describing the overall size of the update, and its direction, describing the relative contributions of the constituent
dimensions (see Methods). The spatial organization of the magnitude was remarkably simple: a median effective rank
of 1.15, with 95.1% of the spatial spectral mass captured by the first ten components. The representation is therefore
concentrated in a small number of spatial patterns rather than distributed arbitrarily across residue pairs.

Residues with greater evolutionary variability and greater alignment coverage tended to receive larger representational
updates, suggesting that the magnitude of the MSA-derived representation reflects, at least in part, the amount and
distribution of evolutionary evidence available at individual positions.

S3.2 Disrupting cross-column relationships

To distinguish the contribution of cross-column evolutionary relationships from that of amino-acid composition and
conservation, we independently shuffled amino acids among homologous sequences within selected MSA columns,
preserving the query sequence, column positions, amino-acid frequencies, variability, and gap frequencies, while
disrupting which amino acids occurred together within the same homologous sequence (see Methods).

The representation deviated further from its unshuffled counterpart as more columns were shuffled (Supplementary
Figure S2B). The overall cosine similarity between representations nevertheless remained high, at 0.938, even after
shuffling 99% of eligible columns. Much of the original representational direction was therefore preserved, and yet this
apparent similarity did not extend to the resulting structures: the contact-map overlap with the unshuffled prediction fell
to a Jaccard index of 0.740.

Disrupting cross-column relationships thus produced changes that were modest when assessed by the overall orientation
of the representation but substantial in the contact relationships of the resulting predictions. The information written by
the MSA module cannot be explained by the composition or conservation of individual columns alone.

S3.3 Magnitude and direction

We next asked whether the structural consequences of shuffling arose from changes in the magnitude of the module
update, its direction in 128-dimensional channel space, or both. We decomposed the native and shuffled updates
into magnitude and direction, constructed four combinations by swapping these components between conditions, and
inserted each into a no-MSA forward pass (see Methods; Supplementary Figure S2C).

The two properties had markedly different effects. Native direction with shuffled magnitude was indistinguishable from
the fully native control, while native magnitude with shuffled direction was barely above the fully shuffled condition.

We also quantified, per protein, the fraction of the native-versus-shuffled structural difference recovered by each
component (Supplementary Figure S2D; see Methods). Among the 157 novel proteins for which shuffling produced a
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Figure S2: Cross-column evolutionary relationships modify the MSA-derived representation, whose detailed direction
influences structural prediction and whose partial restoration recovers relationships beyond directly modified residue pairs.
The MSA-specific module contribution is defined as M = (PMSA

B − PMSA
A )− (P noMSA

B − P noMSA
A ), distinct from the

checkpoint-B difference ∆B used for anchor interventions. The magnitude–direction swaps instead use the raw module updates
from the native and shuffled conditions. (A) Persistence of the original MSA-specific contribution across Pairformer blocks in the
novel and similar cohorts, measured by its projection onto the evolving MSA-dependent pair representation. The same quantity is
shown for the novel cohort in Figure 3A. (B) Cosine similarity and relative perturbation of the MSA-derived representation
following within-column MSA shuffling, which preserves individual-column statistics while disrupting cross-column evolutionary
relationships. (C) TM-score against the full-MSA prediction following exchange of magnitude and direction between the native and
99%-shuffled module updates. The four conditions combine native or shuffled magnitude with native or shuffled direction. (D)
Per-protein direction and magnitude rescue among the 157 novel proteins meeting the minimum structural-difference criterion.
Restoring the native direction recovers much of the native structural solution within the tested perturbations, whereas restoring the
native magnitude alone produces little recovery. (E) Fractional recovery of balanced long-range contact-map accuracy following
restoration at 40 contact-selected anchors, separated into pairs with neither residue selected (UU), exactly one residue selected (IU),
or both residues selected (II). This panel accompanies Section S2.
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Magnitude Direction TM-score vs full-MSA prediction

Native Native 0.96
Shuffled Native 0.96
Native Shuffled 0.70
Shuffled Shuffled 0.68

Table S3: Median TM-score against the full-MSA prediction for the four recombinations of magnitude and direction between the
native and 99%-shuffled MSA-module updates, novel cohort.

difference large enough to define a stable rescue ratio, restoring the native direction recovered a median of 1.000 of the
available difference, with 154 of 157 proteins (98%) exceeding 0.5 rescue. Restoring the native magnitude recovered a
median of 0.011. The remaining 43 novel proteins failed the minimum-span criterion; corresponding swaps were not
generated for the similar cohort.

Within the conditions examined, the structural outcome therefore depended predominantly on the detailed direction of
the MSA-module representation rather than its overall magnitude.

S4 Structural progression of the diffusion readouts

S4.1 The order in which features appear

As the first Pairformer pass proceeds, the diffusion readouts expand and recover recognizable structure, but the features
do not appear together. The radius-of-gyration ratio rose from 0.48 at block 14 to 0.73 at block 40. Over the same
interval, helix recovery increased from 4% at block 30 to 87% by block 40, whereas strand recovery reached only 36%
and exact β-bridge partnerships only 27% at that same block.

The ordering is therefore helices, then strands, then the correct pairing between strands, with global agreement resolving
last. It mirrors the hierarchy of MSA dependence reported in Section S1: the features that survive MSA removal are
the ones that appear earliest here, and the features that collapse without the MSA are the ones that appear last. Both
orderings separate local secondary structure from the nonlocal relationships that organize it.

S4.2 The late transition depends on the MSA

Comparing readouts generated with and without the MSA at the same blocks shows that this progression is not a
property of the diffusion module alone. With the MSA, the median TM-score against experiment rose from 0.246
at block 18 to 0.650 at block 40, then sharply to 0.923 by block 44. Without the MSA, accuracy improved far more
gradually, from 0.210 at block 18 to 0.320 at block 40 and 0.354 at block 44.

Block With MSA Without MSA

18 0.246 0.210
40 0.650 0.320
44 0.923 0.354

Table S4: Median TM-score against experiment for structures diffused independently from saved Pairformer representations, novel
cohort. The pronounced late transition between blocks 40 and 44 occurs only when evolutionary information is available.

The sharp improvement between blocks 40 and 44 is thus conditional on the MSA. Without it, no comparable transition
occurs anywhere in the first pass.

S5 Probe controls

Three controls establish that the decoded structures reflect residue-specific information in the pair representation rather
than artifacts of the decoding procedure.

Generic-chain floor. We constructed a baseline containing no information about any particular fold. From the final
structures of the similar cohort, we computed the mean Cα–Cα distance at each sequence separation within five length
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Figure S3: Structural features of the diffusion readouts across the first Pairformer pass. Measurements relative to the final
recycled full-MSA prediction (CN ), across Pairformer blocks 14, 18, 24, 30, 36, 40, and 44, C1, and CN : helix formation, strand
formation, exact β-bridge recovery, global structural agreement, and the radius of gyration as a ratio of its final value. The final panel
overlays the median helix, strand, β-bridge, and global-agreement curves. Lines are medians and shaded bands are interquartile
ranges. 8
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bins, assigned each novel protein the distance profile of the nearest length bin, and reconstructed and evaluated it exactly
as for the probe-decoded distances. This baseline reached a median TM-score of 0.22 against the final structures. Any
reconstruction scoring at or near 0.22 therefore carries no more structural information than the generic statistics of
polypeptide chains of that length.

Residue permutation. As a control for leakage, we randomly permuted the residues of the block-47 representation
before decoding while keeping the target distances fixed. The coefficient of determination fell below zero for every
combination of probe and representation, confirming that the probes read structure from the identity and arrangement of
specific residue pairs rather than from generic distance statistics that would survive permutation.

Cross-arm application. Each probe was additionally applied to representations of the opposite type, as a control for
differences in representational format between the two conditions. The probe trained without the MSA recovered a
median TM-score of 0.62 at block 47 when applied to with-MSA representations, against 0.29 on its own. The features
it learned are therefore decodable in principle; they are absent from the no-MSA representation.

Reconstructions are interpolations of the global arrangement implied by the decoded distances. They are not diffused, so
their local geometry is imperfect and individual residues deviate from their final positions even in the best reconstructions.
All reported measures were computed from the unrefined classical reconstructions.

S6 Determinants of decoding order

We asked whether any property of the alignment or of the structure determined which residues became decodable first.
For each residue we defined an earliness score from the first layer at which its long-range lDDT reached half of its final
value and held, and related that score to residue burial, alignment gap fraction, column conservation, and covariation
(see Methods).

Feature Median within-protein Spearman ρ

Residue burial +0.39
Alignment gap fraction −0.34
Conservation +0.15
Covariation +0.13

All features combined (cross-validated) 0.47

Table S5: Association between per-residue features and the order in which residues become decodable. Positive values indicate
earlier decoding. Burial was positively associated in every protein examined; gap fraction was negatively associated in 93%.

Buried residues in well-aligned columns tended to be decoded earliest, but the associations are not strong enough to
be explanatory: the two alignment statistics most often invoked to explain the MSA’s contribution, conservation and
covariation, were the weakest of the four, and all features combined reached only 0.47.

We further asked whether the earliest-decoded residues formed a compact spatial cluster, as a folding nucleus would.
They did cluster, with a mean pairwise distance below that of random residue sets of the same size. However, early
residues are also disproportionately buried, and buried residues are necessarily near one another and near the protein’s
centre. Against random sets matched to the same distribution of burial, the clustering was no longer significant. We
therefore find no evidence for a distinct folding nucleus in AlphaFold 3’s computation.

Finally, the order in which residues become decodable from the representation is unrelated to the order in which the
diffusion module places them (Spearman ρ ≈ 0). The two readouts resolve the structure in different sequences, which
is further evidence that the compaction described in Section S4 belongs to the decoder rather than to the representation.

S7 Diffusion readouts of the disjoint MSA subsets

Table S6 gives the diffusion readouts for the two disjoint MSA subsets, the lens superseded by the probe reconstructions
in the main text.

The two subsets agree at a TM-score of 0.71 as early as block 14, and that agreement barely changes until block 40.
Taken at face value this would suggest the subsets follow nearly identical trajectories. The agreement is an artifact of
the readout: through block 36 both predictions are overcompact and poorly organized proto-folds (Section S4), and two
compact masses of comparable size resemble one another regardless of what produced them. Agreement between the
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Block A vs B A vs Exp B vs Exp

14 0.712 0.197 0.194
18 0.748 0.194 0.192
24 0.723 0.220 0.224
30 0.700 0.277 0.268
36 0.707 0.407 0.399
40 0.772 0.504 0.506
44 0.808 0.796 0.768
CN 0.810 0.841 0.818

Table S6: Median TM-scores for structures generated by the diffusion module from the representations of two evolutionarily
independent MSA subsets, compared between subsets and against the experimental structure, for 100 novel proteins.

readouts is therefore interpretable only from block 40 onward, where both have resolved into recognizable structures,
and the final predictions differ at 0.81.

This limitation motivated the probe-based comparison in the main text, which reads the representation directly and
is unaffected by the decoder’s behavior on intermediate states. Under that lens the two subsets agree at only 0.58 at
block 14, and the ordering with respect to query substitution reverses.

S8 Supplementary Methods

Methods for analyses reported only in the Supplementary Information are given here. Further information about
methods in the manuscript are also provided here, such as detailed algorithms. All conventions, metrics, and prediction
settings follow the main-text Methods unless stated otherwise.

S8.1 Anchor titration

For the titration analysis (Supplementary Figure S1E–F), we varied the number of anchors, k, across 10, 20, and 40
residues, as well as 5%, 10%, and 20% of sequence length, for each of the three selection strategies defined in the
main-text Methods. Each combination was run independently for every protein in both cohorts.

Fractional recovery was computed against the experimental TM-score gap between the no-MSA and full-MSA
predictions of the same protein. Proteins whose gap did not exceed 0.1 were excluded, as the ratio is unstable when the
denominator approaches zero; 328 of 400 proteins met this criterion.

To examine how the advantage of informed anchor selection varied with the difficulty of the prediction, we stratified
proteins into quartiles by the TM-score of their no-MSA prediction against experiment and, within each quartile,
computed the difference in fractional recovery between contact-selected and randomly selected anchors at the same
dose.

S8.2 Touched and untouched pair categorization

To assess whether structural recovery extended beyond the pair representations directly restored by the intervention, we
classified all long-range residue pairs by their overlap with the anchor set, A: II, where both residues were anchors; IU,
where exactly one was; and UU, where neither was, so that the corresponding entry of the pair representation was never
directly modified. Within each category, we measured agreement with the full-MSA prediction as the balanced accuracy
of the long-range contact map (Cβ–Cβ distance below 8 Å, |i− j| ≥ 24), the mean of the fractions of reference contacts
and reference non-contacts reproduced, so that the large majority of non-contacts could not dominate the measure.
Recovery was the fraction of the gap between the no-MSA and full-MSA predictions closed by the intervention,

recovery =
aanchor − anoMSA

aMSA − anoMSA
,

where a denotes balanced agreement within that category.

The intervention itself was not restricted to long-range pairs: selecting an anchor restored its complete row and column
of the pair representation, including all 128 channels and its relationships with every other residue. The II, IU, and UU
categories served only to evaluate how recovery varied with whether a long-range pair had been directly modified.
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Sabmark Novel cohort

Condition TM gap closed TM gap closed n

Own full MSA (ceiling) 0.951 — 0.916 — 94 / 38
Own MSA, aligned columns 0.836 +0.75 0.884 +0.92 94 / 38
Partner’s MSA, aligned columns 0.717 +0.33 0.762 +0.43 94 / 38
Partner’s MSA, ungapped 0.743 +0.46 0.762 +0.43 94 / 38
Partner’s MSA, contiguous blocks 0.846 +0.79 — — 20 / —
No MSA (floor) 0.442 — 0.568 — 94 / 38
Own MSA, aligned columns masked 0.570 +0.15 — — 94 / —
Own MSA, aligned columns corrupted 0.519 +0.09 0.479 −0.19 94 / 38
Register shifted 3 0.425 −0.04 0.538 −0.21 94 / 38
Register shifted 7 0.397 −0.07 — — 94 / —
Register scrambled 0.399 −0.05 0.456 −0.26 94 / 38
Donor complement 0.407 −0.02 — — 94 / —

Table S7: Every transplant condition and null. Median TM-score against the experimental structure, and the median fraction of
the gap between the no-MSA and own-full-MSA predictions that each condition closes. Conditions run on only a subset of pairs are
marked accordingly in n and are not directly comparable with the pooled values. Negative fractions indicate conditions that perform
worse than supplying no alignment at all.

Block Own full Own aligned Partner aligned Partner ungapped Contiguous No MSA

0 0.274 0.218 0.224 0.233 0.240 0.203
5 0.433 0.282 0.278 0.299 0.324 0.227
9 0.557 0.326 0.319 0.362 0.432 0.243
14 0.601 0.355 0.342 0.426 0.506 0.248
24 0.612 0.389 0.356 0.428 0.517 0.248
30 0.698 0.494 0.410 0.474 0.558 0.251
36 0.682 0.529 0.443 0.513 0.584 0.257
40 0.775 0.636 0.508 0.581 0.657 0.264
44 0.761 0.662 0.536 0.573 0.647 0.265
47 0.793 0.671 0.483 0.539 0.648 0.269
CN 1.000 0.874 0.721 0.765 0.884 0.451

Table S8: Sabmark: fold decodability across the Pairformer, transplant conditions. Median TM-score of the probe
reconstruction against each target’s own final full-MSA prediction, which is therefore 1.000 for that condition by construction. CN is
the diffusion readout of the block-47 representation. The contiguous-block transplant was run only on the 20 higher-coverage targets.

Block Own full Shift 3 Shift 7 Scrambled Masked Corrupted Complement No MSA

0 0.274 0.210 0.198 0.211 0.189 0.202 0.186 0.203
5 0.433 0.224 0.210 0.223 0.197 0.210 0.208 0.227
9 0.557 0.243 0.231 0.243 0.185 0.214 0.233 0.243
14 0.601 0.232 0.219 0.236 0.195 0.220 0.219 0.248
24 0.612 0.220 0.200 0.221 0.194 0.215 0.204 0.248
30 0.698 0.234 0.220 0.233 0.249 0.243 0.218 0.251
36 0.682 0.235 0.222 0.236 0.269 0.267 0.220 0.257
40 0.775 0.261 0.254 0.274 0.356 0.313 0.253 0.264
44 0.761 0.266 0.257 0.266 0.355 0.311 0.254 0.265
47 0.793 0.258 0.249 0.255 0.340 0.312 0.249 0.269
CN 1.000 0.411 0.392 0.402 0.606 0.516 0.394 0.451

Table S9: Sabmark: fold decodability across the Pairformer, nulls. Each null supplies the same donor alignment at the same
depth and occupancy, altering only where its columns land. Scores are against each target’s own final full-MSA prediction, as in
Table S8. No null produces a decodable fold in any protein before block 27.
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S8.3 Structural element progression

To characterize how recognizable structural features emerged across the Pairformer, we measured five properties of each
intermediate diffusion readout relative to the final recycled full-MSA prediction, CN : helix retention, strand retention,
exact β-bridge recovery, global structural agreement, and the radius-of-gyration ratio, each as defined in the main-text
Methods. All measurements were computed separately for each protein and reported as cohort medians.

The same measurements were computed for readouts generated under the no-MSA condition at the corresponding
checkpoints, excluding block 14, and compared block by block against their full-MSA counterparts for the same
proteins.

S8.4 Determinants of decoding order

To identify which residues became decodable first, we defined for each residue the earliest layer at which its long-range
lDDT reached half of its value at block 47 and remained at or above that level through block 47, and used the negative
of this layer as an earliness score, so that higher values indicate earlier decoding. Residues whose long-range lDDT at
block 47 was below 0.3 were excluded, as their timing is not meaningfully defined.

We related this earliness score to four per-residue features: residue burial, defined as the number of Cβ atoms (Cα for
glycine) within 14 Å in the final structure; alignment gap fraction, the proportion of alignment rows carrying a gap at
that column; conservation, defined as 1 −H/ ln 20, where H is the Shannon entropy of the alignment column; and
covariation, defined as the strongest average-product-corrected mutual information between that residue’s column and
the column of any long-range partner, computed from up to 2,000 sequences of the full alignment. For each feature we
computed the Spearman correlation with earliness within each protein and report the median across proteins, so that
proteins contribute equally regardless of length.

To estimate how much of the ordering these features explain jointly, we fitted ridge-regression models to within-protein
ranks with five-fold cross-validation grouped by protein, and report the median per-protein Spearman correlation
between predicted and observed order.

To test whether the earliest-decoded residues formed a spatially compact cluster, we compared the mean pairwise
distance among the earliest 15% of residues against two nulls: random residue sets of the same size, and random sets
matched to the same distribution of burial. The second null is the informative one, since buried residues are necessarily
close to one another and to the protein’s centre. We additionally computed the Spearman correlation between each
residue’s earliness score and the order in which the diffusion module placed it, defined analogously from the sequence
of diffusion readouts.

S8.5 Contact enrichment in the orthogonal residual

To ask whether the component of the pair representation orthogonal to the original MSA-module contribution carried
structural information, we measured contact enrichment within it. At each Pairformer block we computed the residual
R(l) as defined in the main-text Methods, and took the Euclidean norm of its 128-dimensional entry at each residue pair.
We then compared the median norm at long-range pairs in contact in the final full-MSA prediction (Cβ–Cβ distance
below 8 Å, |i − j| ≥ 24) with the median norm at long-range pairs not in contact. Contact enrichment is the ratio
of these two medians, so that a value of one indicates no preference and values above one indicate that the residual
is concentrated at the pairs that end in contact. Values were computed per protein and reported as cohort medians.
Enrichment rose between blocks 20 and 40, indicating that the growth of the orthogonal component is not a loss of the
MSA’s contribution but its re-expression in a form increasingly aligned with the predicted contact map.

S8.6 Transplant and ablation algorithms

Each algorithm below takes the structural alignment A = {(i, j)} between target A and donor B, where i indexes
a column of A’s alignment and j a column of B’s, together with the gap-stripped rows of B’s unpaired alignment.
Every algorithm returns a set of rows of length LA, to which A’s own query sequence is prepended unchanged. Rows
retaining fewer than ten residues are discarded. The four procedures differ only in which columns of A receive donor
residues and from where.

Both ablations therefore supply the identical donor rows at the identical depth, and occupy the same number of columns
as the gapped transplant up to the few positions a shift carries past the end of the chain. They differ from it only in the
correspondence between donor and target columns: the shift preserves the donor’s residue adjacency while displacing it
uniformly, and the scramble destroys adjacency and correspondence together.
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Algorithm 1 Gapped transplant. Donor residues are written only at structurally corresponding columns.

Require: alignment A, donor rows SB , target length LA

1: for each donor row s ∈ SB do
2: r ← array of LA gap characters
3: for each (i, j) ∈ A do
4: r[i]← s[j]
5: end for
6: emit r
7: end for

Algorithm 2 Ungapped transplant. The aligned columns are filled as above, and the intervening columns of A receive
B’s intervening residues.

Require: alignment A sorted by i, donor rows SB , target length LA

1: for each donor row s ∈ SB do
2: r ← array of LA gap characters
3: for each (i, j) ∈ A do
4: r[i]← s[j]
5: end for
6: for each consecutive pair (i1, j1), (i2, j2) ∈ A do
7: nA ← i2 − i1 − 1; nB ← j2 − j1 − 1
8: if nA > 0 and nB > 0 then
9: v ← (s[j1+1], . . . , s[j2−1])

10: if nB > nA then
11: discard nB − nA entries from the middle of v
12: end if
13: write v into r[i1+1], r[i1+2], . . . in order
14: end if
15: end for
16: extend outward from the first and last aligned pairs into the flanking columns of A, taking B’s residues in order

until either chain is exhausted
17: emit r
18: end for

Block Own full Own aligned Partner aligned Partner ungapped No MSA Corrupted Shift 3 Scrambled

0 0.267 0.243 0.251 0.253 0.230 0.231 0.242 0.232
5 0.404 0.348 0.290 0.294 0.230 0.218 0.250 0.230
9 0.683 0.480 0.424 0.431 0.245 0.247 0.270 0.251
14 0.700 0.553 0.477 0.483 0.269 0.243 0.270 0.266
24 0.707 0.578 0.504 0.497 0.287 0.255 0.275 0.267
30 0.783 0.662 0.555 0.552 0.299 0.275 0.315 0.279
36 0.809 0.717 0.593 0.592 0.302 0.282 0.348 0.302
40 0.861 0.781 0.679 0.679 0.302 0.335 0.414 0.339
44 0.854 0.801 0.683 0.683 0.314 0.330 0.398 0.351
47 0.855 0.807 0.700 0.699 0.300 0.322 0.406 0.345
CN 1.000 0.930 0.792 0.788 0.574 0.484 0.556 0.466

Table S10: Novel cohort: fold decodability across the Pairformer. Transplant conditions and nulls for the 38 post-cutoff targets,
scored against each target’s own final full-MSA prediction. CN is the diffusion readout of the block-47 representation.

Algorithm 3 Register-shift ablation. The same mapping is displaced k residues along the target chain.

Require: alignment A, donor rows SB , target length LA, offset k
1: A′ ← {(i+ k, j) : (i, j) ∈ A, 0 ≤ i+ k < LA}
2: return GAPPEDTRANSPLANT(A′, SB , LA)
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Coverage n Median Aligned No MSA Transplant Own aligned Own full Gap
quartile coverage residues closed

0.26–0.51 24 0.41 69 0.439 0.567 0.721 0.958 +0.05
0.51–0.60 23 0.56 87 0.389 0.690 0.808 0.945 +0.44
0.60–0.72 24 0.67 80 0.543 0.735 0.848 0.940 +0.32
0.72–0.93 23 0.79 80 0.451 0.856 0.907 0.953 +0.79

Table S11: The transplant recovers as much of the fold as the donor’s alignment covers. Sabmark targets binned by the fraction
of the target chain covered by the structural alignment. Median TM-scores against the experimental structure. Across targets, the
Spearman correlation between coverage and transplant accuracy is +0.51 (p = 1× 10−7), and between sequence identity and
transplant accuracy +0.35 (p = 6× 10−4). Controlling for identity, coverage retains a partial correlation of +0.45; controlling for
coverage, identity retains +0.25. Coverage is therefore the stronger determinant.

Algorithm 4 Register-scramble ablation. The donor’s columns land on a random permutation of the same target
columns.
Require: alignment A, donor rows SB , target length LA

1: I ← (i : (i, j) ∈ A) ▷ target columns, in order
2: J ← (j : (i, j) ∈ A) ▷ donor columns, in order
3: π ← a uniform random permutation of I
4: A′ ← {(πm, Jm) : m = 1, . . . , |A|}
5: return GAPPEDTRANSPLANT(A′, SB , LA)

Algorithm 5 Corrupted-column ablation. The target’s own alignment is retained except at the aligned columns, which
receive residues from structurally unaligned positions of the donor.

Require: alignment A, target’s own rows SA, donor rows SB , donor length LB

1: I ← sorted target columns of A
2: F ← (j : 0 ≤ j < LB , j /∈ {j : (i, j) ∈ A}) ▷ donor positions outside the alignment
3: for n = 1 to |SA| do
4: r ← SA[n] ▷ the target’s own row, unchanged elsewhere
5: t← SB [((n− 1) mod |SB |) + 1]
6: for m = 1 to |I| do
7: r[Im]← t[F((m−1) mod |F |)+1]
8: end for
9: emit r

10: end for
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