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Abstract

Open-source AlphaFold (AF)-style systems have
rapidly advanced protein structure prediction, but
isolating the architectural and training choices
that drive the gains remains difficult: production-
scale training is computationally prohibitive out-
side well-resourced labs, and public corpora carry
structural biases that compound under tight com-
pute. As AI agents increasingly automate the
ML research loop, accessible, tractable, automati-
cally scorable, and distributionally representative
benchmarks are needed. We introduce NanoFold,
a compact fixed-data benchmark for AF-style
training studies, paired with a codebase built for
controlled head-to-head comparison. NanoFold
defines three tracks with held-out test labels: a
limited track for sample efficiency, a research
large track for whether early gains persist under
further optimization, and an unlimited track for
best achievable performance under the fixed bud-
get. Splits are disjoint by MMseqs2 sequence
cluster and PDB entry and stratified on struc-
tural metadata, yielding 10,000 training, 1,000
public-validation, and 1,000 sealed test chains.
We verify the construction via structural features,
sequence-family coverage, and protein foundation
model embeddings, plus a randomization study
over 1,000 alternative splits, finding NanoFold
statistically typical and well-distributed. Using
OpenAI’s GPT-5.5 in the Codex harness to au-
tonomously run experiments across scales and
regimes, we show the benchmark is learnable but
unsaturated, scales predictably with budget, and
separates training primitives, enabling transparent,
reproducible architectural research at compute-
accessible scale.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Submitted to the 2026 Workshop on Generative and Agentic AI
for Biology (ICML 2026). Do not distribute.

1. Introduction
AF-style protein structure prediction has become a steady
source of new open-source systems, with OpenFold (Ah-
dritz et al., 2024), ESMFold (Lin et al., 2023), Boltz-1
and Boltz-2 (Wohlwend et al., 2024; Passaro et al., 2025),
Chai-1 (Chai Discovery, 2024), Protenix (ByteDance AML
AI4Science Team et al., 2025), and the ongoing OpenFold3
effort (The OpenFold3 Team, 2026) all building on the
public releases of AlphaFold2 (Jumper et al., 2021) and
AlphaFold3 (Abramson et al., 2024). Each of these varies
architecture, training curriculum, optimization, and data
pipeline simultaneously, so when one outperforms another,
attributing the gain to a specific design choice is rarely
tractable. The field accumulates systems faster than it accu-
mulates understanding of which choices generalize, even as
protein structure prediction continues to anchor active pro-
grams in drug discovery (Sadybekov & Katritch, 2023), pro-
tein engineering (Huang et al., 2016; Watson et al., 2023),
and structural biology more broadly (Baek et al., 2021;
Jumper et al., 2021). Closing this gap requires controlled ex-
perimentation that the field has not yet been able to support
at accessible scale.

Two natural approaches to such experimentation suggest
themselves: reproducing AF-style training at full scale, or
training scaled-down models on a reduced version of the
public training corpora. Both have proven impractical. Re-
producing AF-style training from scratch remains expensive
even within established infrastructure: the OpenFold repro-
duction of AlphaFold2 reports approximately 50,000 GPU
hours (Ahdritz et al., 2024), ScaleFold reduces AF2 pre-
training to roughly 10 hours of wall-clock time only by
distributing across 2,080 NVIDIA H100 GPUs (Zhu et al.,
2024), and production-scale generative biomolecular ef-
forts such as NVIDIA’s Proteina-Complexa run multi-stage
curricula totaling hundreds of thousands of A100-80GB
GPU-hours (Didi et al., 2026). Even at the lab level, the
AlQuraishi group’s AF3 reproduction has been in develop-
ment for over eighteen months and is currently a research
preview (The OpenFold3 Team, 2026), putting attribution
studies that need multiple from-scratch runs out of reach
for nearly all groups. The subsampling route fails for dif-
ferent reasons. The public corpora used to train AF-style
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models contain pervasive structure that random splits do not
respect, including sequence-cluster homology, repeated con-
structs, alternate crystal forms, and same-experiment chains.
Small-scale models are demonstrably more sensitive to data
composition than their large-scale counterparts (Sorscher
et al., 2022), so a reduced subsample of a biased corpus car-
ries the same biases at lower count and surfaces them more
sharply. A useful small-scale testbed therefore requires sev-
eral things solved together: leakage-controlled splits, strat-
ification that keeps the splits distributionally comparable,
a sealed evaluation set that does not decay under leader-
board pressure, and a reference training codebase so that
comparisons across different groups are actually controlled
rather than confounded by implementation differences. No
existing resource addresses this combination, leaving the
small-data, small-parameter regime for AF-style training as
a setting where the field has not been able to do controlled
science.

In addition to these existing challenges, we have seen AI
agents become more involved in machine learning research
recently. Whil agents have shown early signs of effective-
ness in machine learning research, their horizons remain
limited to hours-long tasks, rather than the weeks or months
of effort required to curate a full AF-style dataset, model
architecture, and training harness. As such, for a dataset to
be an effective test bed for AI agents, it must satisfy several
properties:

• Accessible. Datasets must be well-documented and
easily downloadable in order for AI agents to inter-
act with them easily. As such, we make NanoFold
available through both GitHub and HuggingFace and
provide extensive documentation on how the datasets
should be interpeted and used.

• Computationally tractable. AI agents are most effec-
tive when they can explore research directions rapidly
and in parallel. With datasets at the scale of the full
AlphaFold training set, this becomes prohibitively ex-
pensive and time intensive. To resolve this, NanoFold
reduces AlphaFold2’s training set to just 10,000 chains,
representing 2% of the original training pool.

• Representative of the underlying distribution. There
is a fundamental tension between making the dataset
computationally tractable and ensuring that it repre-
sents the underlying distribution. As we decrease
the dataset size, it is easy to produce biased training
sets that limit the generalization capability of models
trained on this data, and thus invalidate any signals
learned by AI agents on the dataset. In order to ensure
that NanoFold, despite its size, remains representative
of the full protein universe, we implement a stratified
sampling technique that produces broad coverage of
the space of eligible protein structures.

• Automatically scorable. For AI agents to operate truly
autonomously, they need a clear scoring metric that can
be executed automatically upon completion of training.
To that end, we implement and automate the execution
of FoldScore, a CASP-15 inspired scoring function that
balances global fold accuracy, local atomic agreement,
and steric plausibility of predicted protein structures.

NanoFold is our attempt at this combined construction.
It pairs a deliberately constructed training corpus, drawn
from OpenProteinSet (Ahdritz et al., 2023), with a multi-
track evaluation protocol and a reference training codebase,
enabling the same modeling question to be asked under
matched data and matched implementation at three distinct
levels of training compute. Using NanoFold, we show that
AF-style training produces meaningful structural learning
at parameter and data scales an order of magnitude below
any prior study, and that ablation behaviors at these scales
replicate findings observed in production-scale models.

Contributions. We summarize our contributions as follows.

• A small-scale, leakage-aware, fixed-data benchmark
for studying architectural and training choices in AF-
style protein structure models, organized into three
sealed-evaluation tracks (10,000 training, 1,000 public-
validation, and 1,000 sealed-hidden chains) at increas-
ing compute budgets.

• A split construction protocol that enforces MM-
seqs2 (Steinegger & Söding, 2017) cluster and PDB-
entry disjointness, stratifies on structural metadata from
CATH (Sillitoe et al., 2021), SCOPe (Chandonia et al.,
2022), and ECOD (Cheng et al., 2014), and is verified
through a randomization study over 1,000 alternative
valid splits, providing a reusable template for dataset
construction in computational biology.

• A reference codebase of AF-style baselines and abla-
tions supporting controlled architectural comparison
under matched data and matched implementation.

• Empirical evidence, constructed using autonomous re-
search agents based on OpenAI’s GPT-5.5 in Codex,
that AF-style training learns meaningful structural rep-
resentations at parameter and data scales below any
prior study, and that ablation behaviors at these scales
recover findings observed in production-scale models.

2. Related Work
Community-scale blind assessment is the dominant eval-
uation regime for protein structure prediction, with
CASP (Kryshtafovych et al., 2023; 2026) on unsolved tar-
gets, CAMEO (Haas et al., 2018) on weekly PDB releases,
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Figure 1. NanoFold overview. NanoFold builds a leakage-controlled OpenProteinSet-derived source pool, balances train/public/hidden
splits over structural metadata, and evaluates AF-style models under fixed-data, sealed-hidden tracks.

and PXMeter (Ma et al., 2025) on shared downstream tasks
for finished open AF-style systems. ProteinNet (AlQuraishi,
2019) provides earlier standardized data, and AlphaFold
DB (Varadi et al., 2022) contributes predicted structures as a
resource rather than a labeled benchmark. These resources
evaluate trained models and address what gains have been
achieved rather than what drives them. NanoFold inherits
the sealed-test-set practice but redirects it toward attribution
at scales where architectural studies are practical to run from
scratch.

Open-source releases have made AF-style training repro-
ducible. OpenFold (Ahdritz et al., 2024) and OpenPro-
teinSet (Ahdritz et al., 2023) provide an AlphaFold2 re-
production and redistributable corpus; Boltz-1 and Boltz-
2 (Wohlwend et al., 2024; Passaro et al., 2025), Chai-
1 (Chai Discovery, 2024), Protenix (ByteDance AML
AI4Science Team et al., 2025), and OpenFold3 (The Open-
Fold3 Team, 2026) extend the open release model to AF3-
style biomolecular modeling; and ScaleFold (Zhu et al.,
2024) and MegaFold (La et al., 2025) reduce wall-clock
training cost. None of these by itself provides a controlled
testbed for architectural study. NanoFold builds on this
infrastructure but inverts the optimization target. Existing
systems work reduces the cost of a fixed recipe; NanoFold
fixes the regime so different recipes can be compared.

The integrity of such comparisons depends on the data itself,
where avoiding sequence and structural leakage between
training and evaluation has been a long-standing concern.
Sequence clustering (Fu et al., 2012; Steinegger & Söding,
2017) and time-based PDB-deposition cutoffs, used in Al-
phaFold2’s CASP14-cutoff training (Jumper et al., 2021)
and Protenix’s wwPDB pre-2021 cutoff (ByteDance AML
AI4Science Team et al., 2025), are the standard tools. Ad-

jacent benchmark efforts including the Therapeutic Data
Commons (Huang et al., 2021), MoleculeNet (Wu et al.,
2018), and the Open Graph Benchmark (Hu et al., 2020)
have made dataset audits and explicit split scaffolds stan-
dard at release; within structural biology, however, splits are
usually reported as design choices rather than verified statis-
tically. NanoFold extends this with a verification protocol
combining metadata-balance audits, ESM2-based embed-
ding coverage diagnostics, and a conditional randomization
study against 1,000 alternative valid splits, on top of MM-
seqs2 cluster and PDB-entry disjointness. To our knowledge,
this combination has not previously been applied to protein
structure benchmark construction.

3. Dataset Construction
The aim of NanoFold’s data construction is to make com-
parisons across architectural and training choices read as
modeling differences rather than as artifacts of how the
data was split. Achieving this with PDB-derived chains is
harder than it appears, because the chains in the pool form a
structured population with homologs, repeated constructs,
close mutants, duplicated families, alternate crystal forms,
same-complex chains, and historically biased regions of
structure space. Splits drawn without care can leak close
relatives across train and evaluation, bias one split over
another, or concentrate training on dense redundant pock-
ets. NanoFold’s response is a leakage-controlled, stratified
split over a fixed eligible pool, with sealed evaluation and
statistical verification.

3.1. Source pool and eligibility

All splits draw from a single eligible source pool, so that
every participant trains and evaluates on the same process-
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able universe of chains under the same tensor schema. The
pool is assembled from public OpenFold/OpenProteinSet
assets (Ahdritz et al., 2023; 2024) and RCSB mmCIF co-
ordinates (wwPDB Consortium, 2019; Burley et al., 2021;
Westbrook et al., 2022), with OpenProteinSet supplying
chain metadata, duplicate-chain mappings, and precom-
puted uniref90_hits.a3m MSA assets derived from
UniRef90 (Suzek et al., 2015); mmCIF files supplying
atomic coordinates from which atom14 labels are con-
structed; and CATH, SCOPe, and ECOD annotations pro-
viding structural and domain classifications for downstream
balancing (Cheng et al., 2014; Sillitoe et al., 2021; Chando-
nia et al., 2022). Locking these assets in advance is central
to the benchmark, since it gives every participant identical
evolutionary input and prevents the leaderboard from becom-
ing a contest over external retrieval or database freshness.
A fixed data loader then serializes feature tensors (residue
identities, MSA rows, deletion features, residue indices,
masks, and zero-template tensors with T = 0) and label
tensors (Cα coordinates and masks, atom14 positions and
masks, residue indices, and resolution) per eligible chain.

Eligibility filters confine the pool to chains where the mod-
eling task itself is well-posed under shared resources. A
chain enters the pool only if it satisfies the official pro-
cessability and quality gates: presence in the OpenFold
chain cache, length 40 ≤ L ≤ 256, monomeric status,
only the 20 standard amino acids, resolution at most 3.0Å
when reported, the required OpenFold feature assets, and
successful atom14 projection (sufficient sequence identity,
coverage, aligned fraction, and valid Cα support between
the feature-side query sequence and the extracted mmCIF
coordinates). These gates confine the task to a single-chain,
short-to-medium-length regime where every selected exam-
ple can be downloaded, represented, trained on, and scored
consistently.

3.2. Split construction

To control biological dependencies, NanoFold forms units
rather than sampling chains directly. Let C denote the el-
igible chains. We build a graph G = (C, E) with edges
connecting chains that share an MMseqs2 sequence cluster
(30% identity, 80% coverage) or a PDB entry (Steinegger &
Söding, 2017; wwPDB Consortium, 2019), and assign ev-
ery chain in a connected component to the same split. This
blocks close-homology leakage through sequence clusters
and same-experiment leakage through PDB grouping, and
prevents large duplicated families from receiving dispropor-
tionate influence.

Unit-level grouping prevents leakage but not distributional
skew. A random allocation of units could still produce a
hidden-validation set that is systematically more beta-rich,
longer, or lower-resolution than training, in which case the

leaderboard would measure distribution shift rather than
data-efficient geometry learning. We stratify units before
allocation by assigning each unit a label

z(u) = (secondary(u), domain(u),

length_bin(u), resolution_bin(u))

derived from the official chain annotations; these fields serve
as balancing axes only and are not exposed to models or
used as scoring labels. The allocator then samples units
proportionally across strata to produce splits of size |T | =
10,000, |Vpub| = 1,000, and |Vhid| = 1,000.

Validation sets that are repeatedly iterated against eventu-
ally turn into implicit training signal, so NanoFold sepa-
rates public and sealed hidden validation. Public train and
public-validation manifests are committed and hash-locked,
and hidden validation is generated privately after the pub-
lic manifests are fixed: units containing any public-train
or public-validation chain are removed, hidden counts are
matched to the public train and validation distributions, and
hidden chains are selected deterministically from a private
salt. During hidden evaluation the runtime serves only fea-
ture tensors and withholds Cα coordinates, atom14 labels
and masks, and resolution, and hidden manifests, labels,
features, fingerprints, and locks remain maintainer-only.

3.3. Statistical verification

Even with leakage controls and stratification in place, the
committed split is one realization out of many possible valid
splits drawn under the same constraints, and its specific be-
havior is an empirical question. Three diagnostics establish
its key properties: a metadata-balance audit checks that the
splits are compositionally comparable over the design fields;
an embedding-space coverage analysis checks that training
broadly covers the eligible pool without concentrating on
dense redundant pockets; and a conditional randomization
test checks that the committed split is statistically typical of
valid splits drawn under the same constraints.

Metadata balance. For each categorical balancing field
b, let pbS denote the empirical distribution of split S over
the buckets of b, and pbU the corresponding distribution over
the eligible disjoint-unit source pool. We measure split
discrepancy using Jensen–Shannon divergence (JSD), total
variation distance (TV), and maximum bin deviation (Ap-
pendix A.1.1). Table 1 reports the maximum discrepancy
across the four audited fields; all values are small, with the
largest pairwise JSD at 7.66 × 10−4 (train vs. public vali-
dation) and the largest pairwise maximum bin deviation at
0.70 percentage points. The hidden split is sealed for rank-
ing but is not distributionally adversarial; it is matched to
the public regime over the metadata axes that most directly
affect difficulty and label quality.

Embedding-space coverage. Metadata bins capture only
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Figure 2. Embedding-space coverage. UMAP projection (McInnes et al., 2018) of 1280-dimensional ESM2 mean embeddings over the
eligible OpenProteinSet-derived source pool. Columns compare NanoFold’s actual split allocator with an equivalently sized split sampled
by MMSeqs cluster ID to produce disjoint clusters; rows show train, public-validation, and hidden-validation selections. The figure shows
that, across all 3 sets, NanoFold’s sampling approach provides a broader coverage of the OpenProteinSet universe, while cluster sampling
is restricted to high density regions. UMAP is shown for qualitative reference; quantitative coverage is reported in Tables 3 and 4.

Table 1. Split-comparability diagnostics. Maxima across
secondary-structure class, domain-architecture class, length bin,
and resolution bin.

Comparison Max JSD
(×10−3)

Max TV
(×10−3)

Max bin
deviation

(×10−3)

Train vs. source pool 0.012 0.68 0.48
Public val. vs. source pool 0.68 9.6 6.8
Hidden val. vs. source pool 0.44 4.4 3.4

Train vs. public val. 0.77 9.1 6.5
Train vs. hidden val. 0.57 4.6 3.1
Public vs. hidden val. 0.56 11.0 7.0

the coarse structural features the field already knows to track,
and two splits could match on secondary structure, length,
and resolution while differing in the fine-grained sequence
neighborhood structure that determines what a model actu-
ally sees during training. We embed each eligible chain as
an ESM2 mean-pooled vector ϕ(x) ∈ R1280 and compare
via cosine distance (Lin et al., 2023). Public and hidden
validation are tightly matched in this space (Figure 2), with
median nearest-train distances of 0.0283 and 0.0288, and
76.0% and 75.6% of examples lying within their local 50-
neighbor radius of a training example; both sit closer to
training than the broader non-train pool. Training is also not
allocated to match raw PDB row frequencies: the densest

density decile of the source pool receives only 0.09% of
training chains, because the goal is broad coverage under
strict leakage controls rather than reproduction of biological
deposition history. Quantile breakdowns and coarse-cluster
occupancy at K = 100 and K = 200 appear in Tables 3
and 4. Conditional randomization. The committed split is
finally compared against B = 1,000 alternative valid splits
drawn under the same official constraints (cluster disjoint-
ness, PDB-entry disjointness, sizes, reserve, stratification).
It lies inside the central randomized range on every diag-
nostic and improves on the randomized median in coverage
measures, with public-validation nearest-train p50 = 0.0208
versus randomized 0.0217, and K = 100 touched-cluster
mass of 0.9082 versus randomized 0.9076. Full comparison
in Appendix A.1.2.

Together these diagnostics support the core data claim: train-
ing, public-validation, and hidden-validation are composi-
tionally matched over biologically relevant metadata, train-
ing broadly covers the eligible pool in embedding space,
and the committed split behaves like a typical draw from
the official allocation procedure.
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4. The NanoFold Benchmark
A fixed dataset becomes a benchmark only when paired
with an evaluation protocol that asks well-posed questions.
NanoFold asks three: which methods learn fastest, whether
their early advantages persist under additional optimization,
and what the best achievable accuracy is on the fixed corpus.
Each is a separate track over the same training task, training
rules, and scoring metric, differing only in compute budget
and ranking rule.

4.1. Task and prediction contract

The task is to predict atom14 coordinates from sequence
and the official MSA-derived features. Each chain x has
length Lx, residue identities a1:Lx

, MSA features mx, and
atom14 supervision

yx = {Yx,Mx},
Yx ∈ RLx×14×3,

Mx ∈ {0, 1}Lx×14,

where Yx contains atom14 coordinates and Mx is the
resolved-atom mask. A model fθ takes the feature-side
tensors and returns Ŷx = fθ(a1:Lx

,mx) ∈ RLx×14×3,
supplied to the scorer as a single floating-point tensor
pred_atom14 of shape (B,L, 14, 3) per batch.

4.2. Tracks and training rules

The three tracks are summarized in Table 2. The
fixed-budget tracks (limited at 20,000 samples and
research_large at 100,000) rank submissions by hid-
den FoldScore learning-curve area under the curve (AUC),
rewarding methods that acquire useful geometry early; the
unlimited track ranks by final hidden FoldScore. Offi-
cial ranking is performed on the sealed hidden split, with
the public validation split reserved for development.

The training rules keep the experimental object narrow. Of-
ficial templates are disabled, external structure data is disal-
lowed, external MSA generation is excluded from official
runs, and models are trained from scratch on the fixed pub-
lic training set. These rules isolate which architectures,
losses, curricula, and biological priors most efficiently ac-
quire transferable protein geometry under a small, fixed set
of experimentally derived structures.

4.3. Scoring

FoldScore is a CASP-inspired structure met-
ric (Kryshtafovych et al., 2023; 2026) combining
four families of measurement that can all be computed from
the official atom14 prediction contract: global Cα fold accu-
racy via GDT_HA (Zemla, 2003); local atomic agreement
via lDDT (Mariani et al., 2013), CAD (Olechnovic et al.,

Table 2. NanoFold tracks. All tracks share the same training
corpus, validation splits, prediction contract, and training rules.
Fixed-budget tracks are ranked by hidden FoldScore AUC to re-
ward early acquisition of useful geometry; the unlimited track is
ranked by final hidden FoldScore.

Track Sample budget Rank
metric

Scientific
question

limited 240,000 Hidden
FoldScore
AUC

Which
methods
learn
fastest?

research_large 960,000 Hidden
FoldScore
AUC

Do gains
persist with
more opti-
mization?

unlimited Unrestricted Final
hidden
FoldScore

What is the
best
fixed-data
final perfor-
mance?

2013), and side-group and side-chain accuracy (SG, SC);
backbone and dihedral consistency (BB, DipDiff); and steric
plausibility via MolProbity-style clash validation (Chen
et al., 2010). For a single chain,

FoldScore = 0.25 ·GDT_HACα

+ 0.09375 · (lDDTatom14 +CADaa

+SG+ SC)

+ 0.125 · (Clash + BB +DipDiff) .

FoldScore introduces minor changes to CASP15’s scoring
in order to make it tractable for NanoFold. First, CASP15
ranks groups by per-target z-scores over the submitted
model pool, with outlier removal and penalty clipping, rather
than by an absolute per-model score. Such relative nor-
malization would make a NanoFold score depend on the
set of competing submissions and would change as new
leaderboard entries or checkpoint curves are added. In
addition, The CASP15 formula contains two terms out-
side NanoFold’s prediction contract: ASE, which evaluates
submitted per-residue confidence/pLDDT against observed
local accuracy, and reLLG, which measures molecular-
replacement utility through a specialized crystallographic
assessment path. Requiring either would add submission
channels or external scoring dependencies unrelated to the
fixed atom14 coordinate task. FoldScore therefore keeps
the CASP15 structure-derived components that are com-
putable from pred_atom14, official residue identities,
and atom14 masks, and renormalizes the CASP15 weights
over that supported subset.

For fixed-budget tracks, models are evaluated at checkpoints
indexed by cumulative samples 0 < s1 < · · · < sK ≤ B,
where B is the track budget. Letting Fk denote mean hidden
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FoldScore at checkpoint k,

AUCFoldScore =
1

B

K−1∑
k=1

Fk + Fk+1

2
(sk+1 − sk).

Final-score evaluation rewards models that eventually con-
verge; the AUC ranking rewards methods that acquire struc-
tural quality early. Together with the sealed hidden split and
the shared training rules, this scoring makes the leaderboard
interpretable as a measurement of sample-efficient geometry
learning.

5. Experiments
We use NanoFold to ask whether a deliberately small,
leakage-controlled benchmark can reveal the same kinds of
training behavior that motivate large-scale AF-style develop-
ment. All runs train from scratch on the 10,000-chain public
training split, evaluate on the 1,000-chain public-validation
split, and use no hidden labels. Unless otherwise stated,
runs use an effective batch size of 8, train for 30,000 opti-
mizer steps, corresponding to 240,000 training samples, and
evaluate public-validation FoldScore every 3,000 optimizer
steps. Full hyperparameters and run definitions are given in
Appendix A.2.

All experiments detailed below were executed, monitored,
and analyzed using OpenAI’s GPT-5.5 in the Codex harness.
The AI agent was responsible for creating model configs,
provisioning training infrastructure, launching the training
runs, and then monitoring runs in a continuous loop. To
provide persistent memory to the agent, we created three
key tracking files:

1. PLAN.md: for the agent to track instructions and high-
level goals that it placed for itself throughout the re-
search loop.

2. EXPERIMENT_INDEX.md: for the agent to track
which folders it was saving experimental results to
and where it was placing crucial scripts that it would
need to reuse.

3. RUNNING_NOTES.md: for the agent to take record
which experiments it wanted to run, track the progress
of running experiments, and take notes on any interest-
ing or surprising items that arose during its autonomous
loop.

The agentic loop, along with its persistent memory, proved
effective in interrogating AlphaFold’s scaling laws and per-
forming ablations to determine AlphaFold’s core architec-
tural features.

5.1. NanoFold is learnable and unsaturated

The first requirement for a benchmark of this kind is cali-
bration: models should improve as capacity and compute
increase, but the task should not saturate so quickly that
ablations collapse into noise. Figure 3 shows both effects.
Increasing the minAlphaFold2 profile from tiny to medium
improves the final public-validation FoldScore from 0.355
to 0.457 under the same 240,000-sample budget. This is the
expected direction: the larger model can exploit the same
fixed data more effectively.

NanoFold also exposes returns to effective depth at fixed
parameter count. Holding the medium profile fixed and
increasing the maximum number of recycling iterations
improves final public-validation FoldScore from 0.457 at
the default two-recycle setting to 0.472 with sampled train-
ing recycles up to eight. A fixed-four recycle ablation
reaches 0.472 FoldScore. Thus, even in this compact regime,
NanoFold distinguishes gains from parameter scale and
gains from additional iterative refinement. This is useful
for model-development studies because it means that ar-
chitectural and training choices can be compared before
production-scale training is affordable.

5.2. Ablation signal is actionable

A benchmark intended for architecture and training stud-
ies should do more than rank finished models; it should
identify changes that can be recombined into better systems.
We therefore ran medium-size ablations over three training
primitives suggested by AF-style practice and by our early
NanoFold runs: recycle policy, backbone-FAPE clamping,
and the late fine-tuning loss phase. Figure 4 shows a com-
pact representative set of these runs alongside the FAPE
clamping sweep.

The ablations give a consistent signal. Relative to the
medium AF2-default recipe, fully unclamping backbone
FAPE produces a clear improvement in final public-
validation FoldScore (0.484 versus 0.457). Fixed-four recy-
cling gives a smaller but directionally useful gain (0.472).
Removing the fine-tuning loss phase alone lowers FoldScore
to 0.400, suggesting that the composite rank metric captures
tradeoffs among global accuracy, local agreement, contact
preservation, and physical plausibility.

Most importantly, these signals compose. A model that
combines fixed four recycles, fully unclamped backbone
FAPE, and no fine-tuning loss phase reaches 0.504 final
public-validation FoldScore, making it the best core run in
this study. This is the desired behavior for NanoFold as
an experimental instrument: individual ablations provide
information that is predictive enough to guide a follow-up
configuration, rather than merely explaining results after the
fact.
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Figure 3. Scaling and recycling on NanoFold. Panel A shows that
public-validation FoldScore improves when increasing parameter
count from tiny to medium, and Panel B shows gains from increas-
ing the number of recycling iterations at fixed medium-model scale.
Recycling increases effective model depth without changing the
underlying parameter count. The shaded span marks the fine-tune
ramp.

NanoFold also reproduces a known AF-style sensitivity to
backbone-FAPE clamping policy at the 10,000-chain scale.
AlphaFold2 uses a mixed scheme in which 90% of train-
ing mini-batches clamp backbone FAPE at 10Å and 10%
leave it unclamped (Jumper et al., 2021), and OpenFold later
reported that samplewise rather than batchwise clamping im-
proved convergence (Ahdritz et al., 2024); both observations
were made in substantially larger regimes than NanoFold.
Panel B of Figure 4 shows that the same sensitivity is visible
here. The AF2-default batchwise 90/10 policy, samplewise
90/10, and samplewise 50/50 policies perform similarly by
final FoldScore (0.457, 0.455, and 0.457). The determinis-
tic soft 90/10 mixture and unclamping only after the fine-
tuning boundary are lower (0.424 and 0.419), while fully
unclamped backbone FAPE reaches the highest final Fold-
Score in the sweep (0.484). The curves separate throughout
training rather than only at the final score, indicating that

Figure 4. NanoFold ablation signals. Panel A shows represen-
tative medium-model ablations across recycle policy, backbone-
FAPE clamping, and the late fine-tuning loss phase, with the best
combined setting using fixed four-cycle recycling, fully unclamped
backbone FAPE, and the initial training loss for the full run. Panel
B shows that backbone-FAPE clamp policy strongly affects small-
scale AF-style training. Public-validation curves compare AF2-
default batchwise 90/10 clamping, deterministic soft mixing, sam-
plewise clamping, delayed unclamping, and fully unclamped back-
bone FAPE. Shaded spans mark the fine-tune ramp.

NanoFold is sensitive to the optimization dynamics induced
by the loss itself, not just to its endpoint.

6. Discussion
NanoFold was designed to make controlled architectural
comparison feasible at scales most research groups can
run and AI agents can autonomously execute against, ad-
dressing a specific gap: AlphaFold-style systems improve
faster than the field can attribute the improvements when
production-scale training is the only available substrate. The
experiments confirm the setting works as intended, with
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capacity, recycling depth, and recipe separating cleanly
under matched conditions and ablation signals composing
into stronger configurations. More notably, the design sig-
nals NanoFold returns at the 10,000-chain scale recover
production-scale sensitivities. Backbone-FAPE clamping
policy substantially affects convergence in the same direc-
tion reported by AlphaFold2 and OpenFold (Jumper et al.,
2021; Ahdritz et al., 2024), a sensitivity previously docu-
mented only in systems with one to two orders of magnitude
more parameters and far more training chains. We read this
as evidence that small-scale, leakage-controlled benchmarks
can carry meaningful architectural signal.

NanoFold’s coverage is deliberately narrow. It targets sin-
gle chains in the 40–256 residue range under the official
MSA and chain quality filters, and excludes template in-
gestion, external MSA retrieval, multi-chain complexes,
ligands, and conformational ensembles; it is also not a sub-
stitute for CASP or production-scale benchmarks such as
PXMeter. The hidden split is compositionally comparable
to the public split, so observed gaps reflect modeling differ-
ences and not distribution shift. We hope these boundaries
point to natural extensions: multi-chain and ligand variants
under the same verification methodology, adversarial hid-
den splits as a robustness test, AF3-scale variants of the
construction, and the verified-split protocol as a backbone
for related protein-structure benchmarks where biological
dependencies in PDB-derived data make naive splits unre-
liable. The training corpus, evaluation infrastructure, and
reference codebase are publicly released to support these
directions.

7. Conclusion
NanoFold provides shared methodological infrastructure for
AlphaFold-style research. By treating dataset construction
as a verified statistical object and pairing it with sealed-
evaluation tracks at three compute budgets, the benchmark
gives the field a common substrate for measuring and com-
paring modeling progress, as well as a testing ground for
AI research agents in protein structure prediction. We hope
it accelerates iteration and attribution in protein structure
prediction, and that its construction methodology informs
benchmark design across computational biology where leak-
age and biological dependency are persistent obstacles.

Software and Data
The training corpus, evaluation infrastructure, and reference
codebase are publicly released to support the directions
discussed in this paper.

Impact Statement
This paper presents work whose goal is to advance repro-
ducible machine learning benchmark design for protein
structure prediction. Potential societal consequences are
primarily those associated with improved scientific tooling
for structural biology; we do not identify specific additional
societal impacts requiring separate highlighting.
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A. Technical appendices and supplementary material
A.1. Supplementary Dataset Details

A.1.1. DIAGNOSTIC FORMULAS

This appendix gives the exact diagnostics used in Section 3.3. For a categorical metadata field with bucket set B, let pS(b) be
the empirical fraction of chains in split S that fall in bucket b ∈ B, and let pR(b) be the corresponding reference distribution,
either the eligible source pool or another split. We report Jensen–Shannon divergence,

JSD(pS , pR) =
1

2
KL(pS ∥m) +

1

2
KL(pR ∥m), m =

1

2
(pS + pR),

with zero-probability terms omitted in the usual way. We also report total variation distance,

TV(pS , pR) =
1

2

∑
b∈B

|pS(b)− pR(b)|,

and maximum bin deviation,
∆max(pS , pR) = max

b∈B
|pS(b)− pR(b)|.

The embedding-space diagnostics use cosine distance in the 1280-dimensional ESM2 mean-embedding space. For chain x,
the nearest-train distance is

rT (x) = min
t∈T

dcos(ϕ(x), ϕ(t)),

where T is the public training split and ϕ(x) is the mean-pooled ESM2 embedding. To normalize for local density, let ρk(x)
be the distance from x to its kth nearest neighbor in the eligible source pool, excluding x itself. The density-normalized gap
is

gT,k(x) =
rT (x)

ρk(x)
.

Coverage at a local radius is reported as

Ck(S;α) =
1

|S|
∑
x∈S

1{rT (x) ≤ αρk(x)},

with α ∈ {1, 2} in the reported tables. Coarse-region coverage clusters ESM2 embeddings into K regions and reports both
the fraction of clusters touched by a split and the fraction of source-pool mass contained in touched clusters.

A.1.2. CONDITIONAL RANDOMIZATION PROTOCOL

The randomization analysis compares the committed public split against alternative valid splits drawn under the same
constraints. Each randomized split preserves the official candidate universe, chain eligibility filters, unit-level assignment,
PDB-entry disjointness, MMseqs2 cluster disjointness, target train and public-validation sizes, hidden-sized reserve, and the
same stratification fields used by the committed allocator. For a statistic Q, the reported empirical percentile is

P̂≤(Qobs) =
1

B

B∑
b=1

1{Qb ≤ Qobs}, B = 1000.

This is a conditional randomization check, not a claim that NanoFold is an IID sample from all protein space. The null
distribution is the set of valid splits under the same construction rules. The purpose is to verify that the committed split is
not an unusually easy, unusually hard, or unusually unbalanced draw from its own design procedure.

Conditional randomization. Finally, the committed NanoFold split is compared against alternative valid splits drawn under
the same official constraints. We generate B = 1,000 alternative public train and public-validation splits respecting the
same candidate universe, sequence-cluster disjointness, PDB-entry disjointness, train and validation sizes, hidden-sized
reserve, and stratification fields. For a diagnostic statistic Q, the empirical percentile P̂≤ = 1

B

∑
b 1{Qb ≤ Qobs} places

the committed split within the distribution of valid randomized alternatives. Table 5 reports the comparison. Across every
diagnostic, the committed split lies inside the central randomized range and improves on the randomized median in coverage
measures, with nearest-train p50 of 0.0208 versus randomized 0.0217, p95 of 0.0580 versus 0.0627, public-validation
coverage at ρ50 of 0.6550 versus 0.6416, and K = 100 touched-cluster mass of 0.9082 versus 0.9076.

13



715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

NanoFold

Table 3. Nearest-train coverage in ESM2 embedding space. Cosine distances in the 1280-dimensional ESM2 mean-embedding space,
with density-normalized gap gT,50(x) = rT (x)/ρ50(x).

Nearest-train distance Density-normalized gap (k = 50)

Set p50 p90 p95 p50 Within ρ50 Within 2ρ50

Non-train pool 0.0348 0.0851 0.1050 1.090 0.414 0.731
Public validation 0.0283 0.0584 0.0771 0.894 0.760 0.996
Hidden validation 0.0288 0.0666 0.0844 0.897 0.756 0.996

Table 4. Coarse ESM2 cluster occupancy. Fraction of clusters touched by each split, and source-pool mass covered, at K = 100 and
K = 200 regions.

K = 100 K = 200

Split Clusters Mass Clusters Mass

Train 0.850 0.867 0.830 0.826
Public validation 0.660 0.779 0.590 0.699
Hidden validation 0.650 0.788 0.590 0.707

A.1.3. STANDARD DISJOINT-CLUSTER BASELINE

The whole-cluster baseline in Figure 2 is a deliberately simpler alternative to the official allocator. It samples disjoint
MMseqs/PDB-connected units into train and validation splits without the official density-aware and structural balancing
procedure. This baseline is useful because it satisfies the same high-level leakage constraint but does not actively control how
limited split budgets are distributed across the eligible protein universe. The figure overlays both procedures on the same
UMAP coordinates and fixed-grid hex bins. Gray points show the broader OpenProteinSet/PDB universe, while colored
hexes show exact-unique records per UMAP bin for the selected split. The comparison demonstrates that disjointness alone
is insufficient: a standard whole-cluster procedure can satisfy leakage rules while leaving visibly different density and
coverage patterns.

A.2. Paper Experiment Protocol

A.2.1. SCOPE OF THE REPORTED EXPERIMENTS

The experiments reported in the paper are paper-only public train/public validation studies. They are not official leaderboard
submissions and do not use the sealed hidden validation labels. This distinction matters: the experiments are intended
to demonstrate that NanoFold exposes interpretable training signals, not to claim competition performance. All reported
learning curves in the core paper use the public validation split.

The core manuscript figures use the following analysis panels:

• Scaling: completed tiny and medium minAlphaFold2 runs under the corrected AF2-style default training recipe.

• FAPE policy: medium-model backbone-FAPE clamp/unclamp policy ablations.

• Recycling policy: medium-model recycling-depth and fixed-vs-sampled recycling ablations.

• Representative ablations: a compact cross-ablation panel containing the medium default, fully unclamped FAPE, no
fine-tune loss, fixed-four recycling, and the best combined setting.

Other exploratory and diagnostic runs are not included in the core production paper figures described here.

A.2.2. COMMON DATA AND TRAINING SETUP

All core training runs use the same public NanoFold train and validation splits:

|T | = 10,000, |Vpub| = 1,000.
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Table 5. Conditional randomization diagnostics. Committed public split compared with 1,000 alternative valid splits sampled under the
same official constraints. Lower is better for JSD and nearest-train distance; higher is better for coverage measures.

Metric Observed Random p05 Random p50 Random p95

Public max JSD (×10−3) 0.70 0.42 0.42 0.42
Public val. nearest-train p50 0.0208 0.0209 0.0217 0.0224
Public val. nearest-train p95 0.0580 0.0580 0.0627 0.0683
Public val. coverage at ρ50 0.6550 0.6176 0.6416 0.6657
Non-train coverage at ρ50 0.5497 0.5434 0.5481 0.5519
K = 100 touched-cluster mass 0.9082 0.8933 0.9076 0.9138

The hidden validation split is disabled for these paper-only runs. Inputs are cropped to 256 residues, with random crops
during training and center crops during validation. Training MSA rows are sampled randomly; validation uses the top MSA
rows. Unless explicitly ablated, runs use MSA depth 192, extra MSA depth 64, batch size 1, gradient accumulation over 8
microbatches, Adam with learning rate 10−3, β1 = 0.9, β2 = 0.999, ϵ = 10−6, no weight decay, global gradient clipping at
0.1, and no mixed precision.

Every core run is trained for 30,000 optimizer steps. With batch size 1 and 8-step gradient accumulation, this corresponds to

30,000× 8 = 240,000

training samples. We evaluate public validation every 3,000 optimizer steps and save checkpoints at the same interval. The
checkpoint set used for curves is

0, 3000, 6000, 9000, 12000, 15000, 18000, 21000, 24000, 27000, 30000.

All curves in the core paper are therefore directly comparable in optimizer-step and sample-budget units.

Table 6 summarizes the shared configuration. All stochastic runs use seed 0.

Table 6. Shared training configuration for core public-validation experiments.

Setting Value

Training chains 10,000 public training chains
Validation chains 1,000 public-validation chains
Hidden validation Not used in paper-only experiments
Crop length 256 residues
Training crop Random contiguous crop
Validation crop Center crop
MSA rows 192 primary MSA rows, 64 extra MSA rows
MSA sampling Random rows during training, top rows during validation
Microbatch size 1 chain
Gradient accumulation 8 microbatches
Effective batch size 8 chains per optimizer step
Optimizer Adam
Learning rate 10−3

Adam coefficients β1 = 0.9, β2 = 0.999, ϵ = 10−6

Weight decay 0
Gradient clipping Global norm clipped to 0.1
Mixed precision Disabled
Training length 30,000 optimizer steps, or 240,000 samples
Evaluation cadence Every 3,000 optimizer steps
Warmup 333 optimizer steps
Learning-rate decay Factor 0.95 at step 16,695
Default fine-tune phase Starts at step 26,088; ramps over 2,250 steps
Default fine-tune LR scale 0.5 after the fine-tune boundary
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A.2.3. MODEL PROFILES

The experiments use minAlphaFold2 profiles derived from AlphaFold-style components but reduced to make repeated
small-data training feasible. Table 7 summarizes the profiles that appear in the core figures. The medium profile is the
default ablation size. The tiny profile is included only in the scaling panel.

Table 7. minAlphaFold2 profiles used in core figures. Parameter counts are measured by the NanoFold runner.

Profile Parameters Evoformer blocks Default max recycles

tiny 88,898 1 1
medium 3,106,642 4 2

The medium profile uses MSA channel 128, single channel 192, pair channel 64, four Evoformer blocks, a four-layer
structure module, and eight IPA heads. The tiny profile uses MSA channel 32, single channel 32, pair channel 16, one
Evoformer block, a two-layer structure module, and four IPA heads.

A.2.4. LEARNING-RATE AND FINE-TUNING SCHEDULE

The schedule follows the AlphaFold two-stage recipe (Jumper et al., 2021; Ahdritz et al., 2024) scaled to the 30,000-step
paper budget. For the default schedule, the initial objective is used until step 26,088. Fine-tuning begins at step 26,088 and
ramps over 2,250 steps, becoming fully active at step 28,338. The learning rate warms up for 333 steps, decays by a factor
of 0.95 at step 16,695, and is multiplied by 0.5 after the fine-tuning boundary. The no-fine-tune ablation sets the fine-tune
start to the final step and keeps the initial loss active throughout all optimizer updates.

A.2.5. TRAINING LOSS

The initial loss is the AlphaFold-style supervised objective (Jumper et al., 2021; Ahdritz et al., 2024)

Linit = 0.5Laux-bbFAPE + 0.5LallatomFAPE + Ltorsion

+ 0.3Ldistogram + 2.0LmaskedMSA + 0.01LpLDDT.

Here Laux-bbFAPE is the per-structure-module-iteration backbone FAPE, LallatomFAPE is the final all-atom FAPE term,
Ltorsion includes the torsion-angle and angle-normalization terms, Ldistogram is the Cβ-Cβ distance-bin cross entropy,
LmaskedMSA is the BERT-style MSA reconstruction loss, and LpLDDT is the pLDDT confidence-head loss.

After the fine-tuning ramp is fully active, the fine-tuning objective is

Lft = Linit + 1.0Lviol + 0.01Lexp + 0.1LPAE,

where Lviol is the structural violation loss, Lexp is the experimentally resolved atom loss, and LPAE is the predicted-aligned-
error/TM head loss. During the ramp interval, the runner blends the initial and fine-tuning losses and logs the ramp weight.
All component losses, weighted component losses, train loss, validation loss, public validation lDDT-Cα, RMSD-Cα, and
FoldScore components are saved when available.

A.2.6. FAPE CLAMP/UNCLAMP POLICIES

Let Lclamp
bbFAPE denote backbone FAPE with the 10Å distance clamp and Lunclamp

bbFAPE denote the unclamped backbone FAPE.
The implementation writes the active clamp weight as w and evaluates

wLclamp
bbFAPE + (1− w)Lunclamp

bbFAPE.

Side-chain/all-atom FAPE remains clamped. The core paper compares the following policies:

• AF2 default / batchwise 90/10: training samples a scalar w ∈ {0, 1} per optimizer step with Pr(w = 1) = 0.9;
validation uses the deterministic expectation w = 0.9.

• Soft mix 90/10: training and validation always use w = 0.9, directly optimizing the expectation of the
clamped/unclamped mixture.
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• Samplewise 90/10 and 50/50: training samples w independently per example with clamped probability 0.9 or 0.5;
validation uses the corresponding deterministic expectation.

• Fully unclamped: training and validation use w = 0.

• Unclamp at fine-tune: training is fully clamped before the fine-tuning boundary and fully unclamped after the
fine-tuning boundary.

A.2.7. RECYCLING POLICIES

The AF2-style default samples the number of training recycles uniformly from 1, . . . , Nmax and evaluates deterministically
at Nmax. Thus the medium default samples 1 or 2 recycles during training and evaluates at 2 recycles. The recycling sweep
sets Nmax ∈ {2, 4, 6, 8} with the same sampled training rule and fixed-max evaluation rule. The explicit fixed-four ablation
trains and evaluates with exactly 4 recycles, without train-time recycle sampling.

A.2.8. CORE RUN DEFINITIONS

Table 8 gives the full experimental definition for every run used in the core public-validation learning-curve figures.
“Sampled” recycling means that the number of training recycles is sampled uniformly from 1, . . . , Nmax, while validation
uses Nmax. “Fixed” means the same recycle count is used during both training and validation. Unless noted otherwise, the
fine-tune schedule is the default two-stage schedule in Appendix A.2.4.

Table 8. Run definitions for the core ablation figures.

Run Profile Training recycles Validation recycles Backbone FAPE / loss schedule

tiny AF2 default tiny sampled 1 1 batchwise 90/10; default fine-tune
medium AF2 default medium sampled 1..2 2 batchwise 90/10; default fine-tune

FAPE batchwise 90/10 medium sampled 1..2 2 batchwise 90/10; default fine-tune
FAPE soft mix 90/10 medium sampled 1..2 2 deterministic 90/10 mix; default fine-tune
FAPE samplewise 90/10 medium sampled 1..2 2 samplewise 90/10; default fine-tune
FAPE samplewise 50/50 medium sampled 1..2 2 samplewise 50/50; default fine-tune
FAPE fully unclamped medium sampled 1..2 2 fully unclamped; default fine-tune
FAPE unclamp at fine-tune medium sampled 1..2 2 clamped before fine-tune, unclamped after

one cycle medium fixed 1 1 batchwise 90/10; default fine-tune
sampled 1..4 recycles medium sampled 1..4 4 batchwise 90/10; default fine-tune
sampled 1..6 recycles medium sampled 1..6 6 batchwise 90/10; default fine-tune
sampled 1..8 recycles medium sampled 1..8 8 batchwise 90/10; default fine-tune
fixed 4 recycles medium fixed 4 4 batchwise 90/10; default fine-tune

no fine-tune loss medium sampled 1..2 2 batchwise 90/10; initial loss for all steps
fixed4 + unclamped + no FT medium fixed 4 4 fully unclamped; initial loss for all steps

A.3. Core Experimental Results

Table 9 lists all runs used by the core public-validation learning-curve figures. The final public validation lDDT-Cα and
RMSD-Cα values are the last points plotted in the manuscript curves. We report lDDT-Cα and RMSD-Cα because these
quantities are available for every core run and because the manuscript learning curves use lDDT-Cα consistently across all
ablations.

Interpretation of the core runs. The scale panel shows that NanoFold is learnable and not saturated: medium improves over
tiny under the same data and sample budget. The FAPE panel isolates the largest objective-level signal in these experiments.
Fully unclamped backbone FAPE substantially improves both lDDT-Cα and RMSD-Cα, while partial unclamping gives
intermediate behavior. The recycling panel shows a modest but coherent benefit from using more recycles, with fixed-four
recycling outperforming sampled-four under this small-data setup. The representative panel combines these observations and
shows that the strongest observed setting among the core experiments is the medium model with fixed four-cycle recycling,
fully unclamped backbone FAPE, and no fine-tuning-loss phase.

A.4. Supplementary lDDT and loss-component trajectories

The main text reports FoldScore curves because FoldScore is the benchmark-level aggregate metric. For transparency,
this appendix also reports the corresponding public-validation lDDT-Cα curves and the per-run training loss-component
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Table 9. Core paper public-validation runs. All runs use 30,000 optimizer steps and 240,000 training samples. Wall time is measured
by the Runpod H100 runner.

Run Main difference from medium default lDDT-Cα RMSD-Cα H100 h

tiny AF2 default tiny profile, max recycle 1 0.235 25.35 10.02
medium AF2 default medium profile, sampled 1..2 recycles, batchwise FAPE 0.293 19.56 15.75

FAPE batchwise 90/10 AF2-default comparator 0.293 19.56 16.55
FAPE soft mix 90/10 deterministic 90/10 FAPE mixture 0.286 18.13 16.43
FAPE samplewise 90/10 per-example stochastic 90/10 FAPE 0.305 18.36 17.97
FAPE samplewise 50/50 per-example stochastic 50/50 FAPE 0.385 12.71 16.84
FAPE fully unclamped unclamped backbone FAPE throughout 0.450 10.54 15.72
FAPE unclamp at fine-tune unclamp only after fine-tune boundary 0.319 15.85 16.63

one cycle no iterative recycling 0.270 20.28 10.09
sampled 1..4 recycles max/eval recycle 4, sampled train recycles 0.291 20.03 19.53
sampled 1..6 recycles max/eval recycle 6, sampled train recycles 0.302 19.10 22.04
sampled 1..8 recycles max/eval recycle 8, sampled train recycles 0.313 16.39 23.47
fixed 4 recycles fixed train/eval 4 recycles 0.324 14.54 19.28

no fine-tune loss initial objective for all 30k steps 0.413 12.66 17.90
fixed4 + unclamped + no FT fixed 4 recycles, fully unclamped FAPE, no fine-tune 0.534 7.74 23.38

trajectories for the ablations discussed in Section 5. The lDDT-Cα panels use the same checkpoint set as the FoldScore
panels. The loss-component panels show the logged supervised objective terms for each run, which helps distinguish early
optimization effects from changes that appear near the fine-tuning boundary or final checkpoint.

A.5. Qualitative Structure Examples

The two manuscript structure figures are generated from public-validation chains only. Predictions are Kabsch-aligned (Kab-
sch, 1976) to the ground-truth structure using valid Cα atoms before rendering. Ground truth is colored gray, minAlphaFold2
tiny is colored pink, and minAlphaFold2 medium is colored blue.

RMSD-selected triptych. The triptych in Figure 12 selects three public-validation chains using aligned Cα RMSD: one
where both tiny and medium have comparatively low RMSD, one where medium has low RMSD and tiny has high RMSD,
and one where both have high RMSD. The selected chains are 2k6i_A, 2v66_E, and 4abx_D.

Secondary-structure representatives. The secondary-structure figure in Figure 13 is not a best-RMSD panel. It is a
representative visualization panel. We first used the split metadata bucket, then used PyMOL DSS assignment on the ground-
truth PDBs to choose examples whose rendered cartoons visibly match the intended class. The selected public-validation
chains are 2x7a_A (alpha), 6jqy_D (alpha/beta), 4glm_C (beta), 1aqs_A (coil/sparse), and 5w9f_A (mixed low-confidence).

A.6. Compute and Artifact Accounting

All core runs were executed on Runpod pods with NVIDIA H100 80GB HBM3 GPUs, PyTorch 2.8.0+cu128, CUDA 12.8,
and cuDNN 91002. The 15 unique runs in Table 9 consumed 261.6 measured H100-hours. At the observed H100 price
of $2.99/hour, the core-figure runs cost approximately $782. Additional exploratory runs, including full-scale restarts,
SimplexFold, Muon, interaction ablations, and legacy controls, were excluded from the core figures. Across complete
tracked exploratory runs, measured wall time summed to approximately 375.1 H100-hours.

The largest individual core medium run was the sampled 1..8 recycle experiment at 23.47 H100-hours, which cost $70.18.
The shortest core run was the tiny scaling run at 10.02 H100-hours, which cost $29.96.
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Figure 5. Supplementary public-validation lDDT-Cα curves for scaling and recycling. These are the lDDT-Cα counterparts to the
FoldScore scaling and recycling curves in the main text: Panel A shows model scaling, and Panel B shows recycling-policy ablations. The
shaded span marks the fine-tune ramp.
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(a) Representative ablations (b) Backbone-FAPE clamping policies

Figure 6. Supplementary public-validation lDDT-Cα curves for objective ablations. The ranking is consistent with the FoldScore
curves: fully unclamped backbone FAPE, removing the fine-tuning loss phase, and the combined fixed-four/unclamped/no-fine-tune
setting produce the strongest lDDT-Cα gains. Shaded spans mark the fine-tune ramp.

Figure 7. Supplementary public-validation lDDT-Cα curves for recycling policy. Recycling depth affects lDDT-Cα in the same
direction as FoldScore, with the fixed-four recycle setting outperforming sampled-four recycling under the 240,000-sample public-
validation study. The shaded span marks the fine-tune ramp.
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(a) Tiny AF2 default (b) Medium AF2 default

Figure 8. Loss-component trajectories for the scaling runs. In each subfigure, Panel A shows raw reported components and Panel
B shows weighted contributions. Both profiles use the same AF2-style default recipe; the medium profile converts the same fixed data
budget into stronger validation structure learning.
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(a) Batchwise 90/10 (b) Soft mix 90/10

(c) Samplewise 90/10 (d) Samplewise 50/50

(e) Fully unclamped (f) Unclamp at fine-tune

Figure 9. Loss-component trajectories for backbone-FAPE clamping policies. In each subfigure, Panel A shows raw reported
components and Panel B shows weighted contributions. These panels show how the clamped/unclamped backbone-FAPE choice changes
the supervised objective components underlying the validation curves in Figures 6 and 4.
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(a) Sampled 1..2 recycles (b) One cycle

(c) Sampled 1..4 recycles (d) Sampled 1..6 recycles

(e) Sampled 1..8 recycles (f) Fixed 4 recycles

Figure 10. Loss-component trajectories for recycling-policy ablations. In each subfigure, Panel A shows raw reported components and
Panel B shows weighted contributions. The loss traces complement the validation lDDT-Cα curves by showing the supervised terms for
the same medium-model recycle sweep.
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(a) No fine-tune loss (b) Fixed4 + unclamped + no FT

Figure 11. Loss-component trajectories for the loss-schedule and combined ablations. In each subfigure, Panel A shows raw reported
components and Panel B shows weighted contributions. The no-fine-tune run keeps the initial objective active for all 30,000 optimizer
steps, while the combined run pairs that schedule with fixed-four recycling and fully unclamped backbone FAPE.

Figure 12. RMSD-selected public-validation structure examples. Ground truth, tiny prediction, and medium prediction are aligned on
valid Cα atoms.
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Figure 13. Representative public-validation examples by secondary-structure split bucket. Examples are chosen for visual
representativeness within the split bucket rather than for best RMSD.
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