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Abstract

We report a methods-and-negative-results study of two circuits of the Drosophila connectome,
the mushroom body (MB) and the central-complex ring attractor, measured against trivial and
strong baselines on text, chess, photographs, associative recall and code clones. Every experiment
from EXP-002 onward was pre-registered; the first text cycle and the photograph application
were not and are marked as such. Each ran with a trivial baseline, a blocking ablation and,
where wiring was involved, a degree-preserving null, then adversarially reviewed and verified. The
protocol caught instance leakage that let a dictionary lookup (MCC +0.374) beat every model; a
Kenyon-cell layer whose removal did not change the result; a strong baseline (GRU) trained for
50 optimizer steps, whose retraining erased most pre-registered effects; and a naive null whose
replacement by a degree-preserving null flipped a +13.53 pp connectome advantage to —7.11 pp.
The MB is not a competitive classifier on text, chess or a synthetic conjunctive task; with a dense
encoder its sparse code recognises near-duplicates, but exact search beats it wherever exact search
fits (on photographs the two are indistinguishable and exact search wins the paired test), and on
code clones a supervised linear model wins outright. The ring’s parameter-efficiency headline
fell to a 3-parameter vector integrator (0.11-0.20% loss against the Bayesian optimum versus
the ring’s 0.9%) and to a retrained GRU; its topology-versus-shuffled ablation (+44.49 pp) and
untrained inductive bias survive. In chess, a small geometric grid beats logistic regression at full
data but loses to a zero-parameter capture rule and to a dense network. The transferable rule: a
strong baseline must receive more training budget than the proposed model.

1 Introduction

Biologically derived architectures are usually reported when they win. This paper reports a research
program whose positive results kept falling to stronger controls, and argues that the record of how
they fell is the useful product. The program’s question was narrow: which computational principles
of a measured insect circuit transfer to artificial learners, and under what conditions do they increase
capability per unit of data, time, memory or compute? A well-measured negative answer is as
informative as a positive one.

Two circuits and one derivative were tested. The mushroom body (MB) is the fly’s associative-
learning centre: a sparse, high-dimensional expansion of olfactory input into Kenyon cells (KCs),
global inhibition by the APL neuron, and dopamine-modulated readout by output neurons (MBONS).
It has an established machine-learning lineage as a locality-sensitive hash (Dasgupta et al., 2017), a
novelty detector (Dasgupta et al., 2018), a hashing objective (Ryali et al., 2020), a word-embedding
model (Liang et al., 2021) and a continual learner (Shen et al., 2023). The ring attractor of the
central complex maintains heading by integrating angular velocity and correcting against landmarks
(Seelig and Jayaraman, 2015; Kim et al., 2017; Turner-Evans et al., 2017); a Bayesian ring attractor
with a closed-form optimum exists as a benchmark (Kutschireiter et al., 2023). The spatial grid is
a static two-dimensional adaptation of the ring’s excitation/inhibition principle, built for chess. The
MB models were built on, or checked against, the FlyWire FAFB v783 connectome (Dorkenwald
et al., 2024; Schlegel et al., 2024): 5,177 KCs, 96 MBONSs, 285 antennal-lobe projection neurons,



2 APL neurons and 331 dopaminergic neurons in the MB extract. The ring uses the canonical
ellipsoid-body /protocerebral-bridge topology, not measured wiring.

The experiments span five task families: text (SWE-smith agent trajectories labelled by test
execution), chess (Lichess puzzle move classification and Elo tournaments), images (catalogue
photographs), associative recall (can a KC layer stand in for transformer attention?) and code-clone
detection (BigCloneBench). The MB fails as a classifier on text, on chess and on a synthetic
conjunctive task; on dense images it was not tested against a strong adversary. The paper is
organised around the protocol (Section 3), the MB as classifier (Section 4), the MB as similarity
index (Section 5), the ring attractor and the grid (Section 6), and the record of what the protocol
caught (Section 7).

Contributions. (1) A protocol for testing bio-derived architectures (pre-registration with dated
amendments, mandatory trivial and strong baselines, blocking ablation with an isomorphism control,
degree-preserving nulls, adversarial review, numeric verification, an append-only ledger) together
with the record of what each rule caught. (2) The MB fails as a classifier on text, chess, code
clones and a synthetic conjunctive task, and reproduces, in three new modalities, the published
pattern: with a live encoder it beats weak hashes and, in most settings, its own ablation, and loses
to exact search and to a cheap supervised model; its value envelope as a near-duplicate recogniser is
quantified. (3) The ring attractor’s parameter-efficiency headline falls to a 3-parameter comparator
and to a retrained GRU; its topology ablation and untrained inductive bias survive. (4) In chess,
a 33-parameter geometric grid beats logistic regression at full data but loses to a zero-parameter
capture rule and to a dense MLP; classification skill is not playing strength. (5) A rule: a strong
baseline must receive more training budget than the proposed model.

Every number in this paper is traceable to a file shipped as ancillary material (fontes.md maps
each number to a source path and line). Where the record disagrees with itself, both values are
footnoted.

2 Related work

Dasgupta et al. (2017) abstracted the MB as a sparse 40x expansion followed by winner-take-all
(WTA) retention of the top 5% and showed that this “fly hash” preserves neighbourhoods better than
classical LSH at matched compute; later work turned it into a novelty filter (Dasgupta et al., 2018), a
hashing objective (Ryali et al., 2020), sparse word embeddings (Liang et al., 2021) and a single-pass
continual learner (Shen et al., 2023). The critical literature matters as much: Sharma and Navlakha
(2018) found the fly hash impractical without multi-probe; Kleyko and Rachkovskij (2024) studied
the design choices of similarity-preserving sparse randomized embeddings of this family and found
that projection density and imitation of the biological wiring heterogeneity changed little, while
centring and normalisation before the WTA step and the choice of ranking metric changed much;
Ram and Sinha (2022) found that the fly classifier’s gain over k-NN on 70 datasets is statistically
insignificant while its gain over its own ablation is large. In neuroscience, the MB’s behaviour is set
by its encoder (Lin et al., 2014; Hige et al., 2015; Cayco-Gajic and Silver, 2019), APL inhibition is
local (Amin et al., 2020), the PN—KC projection is not random at current sample sizes (Zheng et al.,
2022) (contra Caron et al., 2013), and the optimal claw count for a random expansion has a theory
(Litwin-Kumar et al., 2017); the MB connectome is described by Li et al. (2020); Modi et al. (2020).

Ring-attractor models of head direction go back to Skaggs et al. (1995); Zhang (1996); Xie et al.
(2002); the fly bump, its dynamics and its shift were measured by Seelig and Jayaraman (2015); Kim
et al. (2017); Turner-Evans et al. (2017), the connectome by Hulse et al. (2021), and Kutschireiter
et al. (2023) derived the circular Kalman filter as the normative optimum. Continuous attractors
are fragile to mis-tuning (Renart et al., 2003; Vafidis et al., 2022; Noorman et al., 2024); generic
RNNs develop compass/shifter populations (Cueva et al., 2020) but structure rarely emerges unless
planted (Schaeffer et al., 2022); Negre Saura et al. (2025) used a ring to structure the action space
of a deep RL agent. Bricken and Pehlevan (2021) showed that softmax attention approximates the



Table 1: The rules as they stood at the end of the program, and what each one answers to.

rule

origin

Pre-registration committed before the first training run,
with minimum effect and CI requirement; amendments
appended with date and reason (the ring carries five,
E1-E5)

Trivial baseline mandatory (dictionary, majority, last
observation, content hash, and the zero-parameter rules
of the task); leave-one-out oracle printed as the ceiling
Strong baseline with more training budget than the
proposed model; convergence check before any crossing
claim

Blocking ablation: removing the component under test
must degrade by the pre-registered margin or all other
As are void

Isomorphism control: permuting topology and
input/readout indices together must reproduce the
intact model

Degree-preserving null (Maslov and Sneppen, 2002)
whenever measured wiring is compared with random
wiring; the naive shuffle is only the weak control
Group split, never row split; a lookup on the grouping
key as leakage sentinel, [IMCC]| < 0.05

Encoder diagnostic before the learner: Jaccard
within/between class, active claws per KC, largest-claw
share, distinct codes, content density

Joint criteria with a floor on each quantity (retention
and plasticity)

Stable hashing (CRC32) and explicit integer seeds
Append-only ledger: one entry per run with commit,
dirty-tree flag, command, machine, dataset SHA, seeds,
times, peak memory; single versioned file

Adversarial review with a mandate to run experiments;
numeric verification of every number

No conclusion from a subset preview; paired
comparisons, not overlapping marginal intervals; tie
credit by expected value

a winner was declared on noise twice in one night

a dictionary beat two architectures; a capture rule beat
every chess grid

the GRU episode (Section 6.3); the chess MLP cut at
epoch 10 (Section 6.6)

a KC layer that contributed 0.013

separates misalignment from graph damage

the null flipped the sign (Section 4.4); it is
uninformative when the tested wiring is itself random
(Section 5.4)

59.6% of test instances were in training

93.5% of active KCs had one active claw

three single-quantity metrics gamed in one day
hash() is salted per process

five divergent per-worktree ledgers

self-review found none of the three worst errors

Sections 4.1, 5.3

read of Kanerva’s sparse distributed memory (Kanerva, 1988), a line related to dense associative
memories (Krotov and Hopfield, 2016; Ramsauer et al., 2021) and extended to continual learning
(Bricken et al., 2023); a KC layer with a Hebbian readout is a fixed random-feature linear attention
(Katharopoulos et al., 2020; Choromanski et al., 2021) whose recall-versus-state trade-off is the one
measured by Arora et al. (2023, 2024). Degree-preserving rewiring as the null model for network
structure follows Maslov and Sneppen (2002); Dhiman (2026) showed that a connectome-constrained
visual model (Lappalainen et al., 2024) loses its reported advantage under such a null.

3 Protocol

The protocol was not designed in advance; each rule was added after its absence produced a result
that was believed for some time (Table 1; Section 7).

Metric and intervals. Classification results use the Matthews correlation coefficient (MCC; 0 for
any constant predictor) after F1 selected candidates that predicted the positive class everywhere; the
clone experiment reports F1 for comparability with its benchmark, with MCC alongside. Intervals are
bootstrap percentiles, two-level where seeds exist (test items paired across models, seeds resampled
per model).



Review and verification. The correction report, the referee report and the numeric verification
were produced by LLM-based agents of the same model family as the experimenters, in separate
checkouts with separate mandates: independent in context, not in provenance. The verification
checked 78 numeric claims of the first article: 68 matched, 2 diverged (a column labelled “IC95” that
was the min—max across seeds; an inverted paraphrase of a literature mechanism), 0 lacked a source, 8
were ambiguous; one table of six configurations had no ledger record and was rescued by deterministic
re-execution (18 of 18 cells). A second verifier checked 233 mapped numbers of this manuscript’s first
draft against their source files: 231 matched exactly, 2 were ambiguous in the source and are corrected
inline, and one unmapped count was wrong and is corrected; a further pass covered the sections added
in revision (Sections 5.4, 6.6 and 9; 118 items; 113 matched; the rest corrected). The four reports ship
as ancillary files: PARECER.md and VERIFICACAO.md (first article), PARECER-ARXIV-2026-09-27 .md
and VERIFICACAO-ARXIV-2026-09-27.md (this manuscript). Experiments, code and this manuscript
were produced by LLM agents under the author’s direction; Section 9 gives the full disclosure.

Compute. All experiments ran on CPU (a 12-core Windows workstation and an 8-core Linux
server). The longest single runs were the 82.5-minute clone experiment, the 53-minute connectome
experiment, the 44-minute text retest (EXP-006, SVD arm) and a 4h 48 min chess tournament.

4 The mushroom body as a classifier

4.1 Text: SWE-smith

Given the description of a software-engineering task from SWE-smith, predict whether the agent’s
patch resolves it (label by test execution); 49,773 trajectories from 13,469 instances, the instance_id
present in 100% of texts, leave-one-out oracle MCC +0.841. The first result (fly +0.296 vs balanced
logistic regression +0.338 on a row split) was invalid on five grounds found by adversarial review:
instance leakage (a dictionary on instance_id scored +0.374; 59.6% of test instances were in
training), a dead KC layer (93.5% of active cells with one active claw; ablation A = 0.013), a process-
salted hash (four “networks” read as one), a stream-shift test with a zero ceiling by construction,
and a gameable metric. Each is a row of Tables 10 and 14; the original result file was marked invalid
and kept.

EXP-002. The biological claim is one-shot associative memory. EXP-002 ran the full file pre-
quentially (predict, then learn), grouped by instance, 3 seeds, against a hash table on instance_id,
exact 1-NN on TF-IDF and a logistic regression retrained every 2,000 items (Table 12, appendix).
Both pre-registered abandonment criteria were met with wide margins: fly minus hash table on
instances seen 1-3 times —0.618 [—0.627, —0.610]; fly minus logistic regression on unseen instances
—0.057 [—0.068, —0.047]; and the KC layer was harmful, —0.023 [—0.027, —0.020] against the no-KC
arm. The wiring-faithful v3 activated 19 of 5,177 KCs (0.4%) and scored 0.000.

4.2 The fair retest: a live encoder, and the fly as front-end

The abandonment was by criterion, but the autopsy showed the test had not tested the architecture.
Two untried conditions were pre-registered (commit 4c1388b24): a dense input (TF-IDF—SVD-256
over the whole text; bge-small-en-v1.5 384-d embeddings truncated at 512 tokens) and the MB
as front-end (KC code — trained linear readout, the “insect cyborg” configuration of Delahunt and
Kutz, 2019). Hyper-parameters were searched on validation only (18 configurations x 5 regularisers
for the fly; 5 for logistic regression); the test set was read once. Pre-registered effects: H-A classifier
minus logistic regression > +0.05; H-B front-end minus logistic regression > +0.03; H-C front-end
minus hash table on items seen 1-3 times > +0.05; blocking gate P2, KC contribution > 40.02.

The encoder is alive. On the previous champion configuration (20,000 KCs, p = 5%, 6 claws),
changing only the input, active claws per selected KC went from 1.07 to 6.00 of 6 and the largest-claw



Table 2: EXP-006, SWE-smith, split by instance (test n = 10,297), MCC with 95% bootstrap CI.
LOO oracle +0.841; majority class and instance lookup both +0.000.

model TF-IDF—SVD-256 bge-small-384

no KC (rule on dense input; ablation of classifier) +0.133 [+0.114,40.151]  +0.106 [+0.088, +0.125]
random expansion with WTA (4,096) +0.241 [+0.221,40.259]  +0.156 [+0.136, +0.174]
1-NN 40.210 [+0.192,40.229]  +0.176 [+0.157, +0.193]
logistic regression on dense input (ablation of front-end) +0.273 [+0.255,40.291] +0.188 [+0.172, +0.209]
random expansion without WTA (4,096) +0.273 [+0.256, +0.290]  +0.199 [+0.182, +0.219]
MB classifier +0.243 [+0.225,40.263]  +0.194 [+0.176, +0.213)]
MB front-end (KC code — linear readout) +0.222 [+0.204,+0.237]  +0.205 [+0.186, +0.224]

share of the drive from ~ 1.00 to 0.420 (SVD) and 0.345 (bge). The Jaccard overlap between
sibling trajectories (same instance) minus non-siblings is +0.685 [4+0.651, 4+-0.718] (SVD) and +0.918
[4+0.897,40.936] (bge): siblings share 71.4% or 94.5% of active KCs against 2.8% between in-
stances. The within- minus between-class Jaccard is +0.00090 [+0.00058, +0.00126] and +0.00026
[+0.00008, +-0.00035]: the code recognises instances and barely separates classes. Everything below
follows from that line.

EXP-006, group split (generalise). Table 2 gives the test scores (n = 10,297; leakage sentinel
exactly +0.000). The KC contribution reversed sign, +0.110 [+0.090,40.131] (SVD) and +0.088
[+0.067,+0.112] (bge), so P2 passed. H-A failed in both representations (—0.030 [—0.046, —0.013];
+0.006 [—0.015,+40.027]) and so did H-B (—0.052 [—0.072, —0.031]; +0.016 [—0.006, +0.042]). The
attribution is the informative line: with the same random projection and nxc = 4,096, a linear
readout on the dense drive scores +0.273 in SVD, equal at three decimals to logistic regression on
the raw input, and the same readout on the WTA-sparsified binary code scores +0.241; the WTA
step costs —0.032 [—0.051, —0.013] (SVD) and —0.044 [—0.066, —0.023] (bge). The operation that
defines a Kenyon cell discards the drive magnitude, and in this task the linear signal lives in the
magnitude. An exploratory extension outside the grid found nothing in SVD that reaches logistic
regression (best of 31 configurations +0.265 vs +0.273); in bge one out-of-grid configuration beat it
by 40.035 [+0.013, +0.056] on a single test read, recorded as post-hoc and not counted. Both sides
converged (front-end readouts used 14-71 of 200 iterations; validation scores flat across three orders
of magnitude of budget).

EXP-007, repeated exposure (recognise). The prequential protocol was rerun with the dense
encoders; the hash table reproduced its earlier numbers to within 0.002, so the runs are comparable
line by line (Table 3). The bge front-end scores +0.839 on items seen 1-3 times, five times its no-KC
ablation (40.165) and +0.582 above the earlier fly. The “insect cyborg” effect is real and large: with
identical flow, retraining and seeds, a linear readout on the KC code versus on the dense vector gives
A = +0.578 on items seen 1-3 times and —0.004 on unseen items, with the sign the two Jaccard
measurements predicted. It still wins nothing that counts: H-C failed, —0.034 [—0.038, —0.031]
against the hash table (it had been —0.618), and exact 1-NN on the same embedding scores +0.880.
In the band of items seen three or more times the front-end edges both (0.692 vs 0.689 and 0.656);
no CI was computed for this band, it was not pre-registered, and it is not counted. The circuit was
doing approximate similarity search against two exact and cheaper methods on a corpus of 13,469
instances that fits in memory. One error made along the way is recorded: the first front-end search
fixed the regulariser at C' = 1 while varying nkc and therefore measured regularisation, not capacity
(40.124 vs 4+0.203 at 8,000 KCs); the run was discarded whole and redone with a joint search.

Corrected verdict. The first article said the transposition preserved no measurable property;
that is now measured as false. It preserves one, near-duplicate recognition, worth +0.578 of MCC as
a feature generator in the recognition regime. What does not transfer is utility: where the property
serves, a dictionary and exact 1-NN do better and cheaper; where it does not, the APL’s global
inhibition is a lossy quantiser costing 0.032-0.044. Continual learning on dense images (EXP-003/004)



Table 3: EXP-007, prequential, bge-small-384, 3 seeds, MCC. Front-end: 20,000 KCs, p = 0.05,
12 claws, C' = 3.0. In SVD-256 the front-end reaches only +0.462 on items seen 1-3x (hash table
+0.873).

exposure band  MB classifier ~MB front-end no KC hash table 1-NN  logistic (dense)

never seen +0.151 +0.194 +0.124 —0.006 +0.173 +0.198
seen once +0.193 +0.880 +0.154 +0.936 +0.930 +0.255
seen > 3x +0.248 +0.692 +0.238 +0.656 +0.689 +0.293
seen 1-3x +0.207 +0.839 +0.165 +0.873 40.880 +0.261
all +0.219 +0.623  40.188 +0.590 +40.634 +0.257

is reported in Appendix B: the pre-registered thresholds passed and the interpretation fell, because
the criterion was satisfiable by a model that stops learning.

4.3 Chess: two encodings, two failure mechanisms

Given a Lichess puzzle position and a candidate move, is it the solution or a sampled legal alternative?
9,000 puzzles (18,000 balanced examples), split 80/20 by puzzle, MCC with group-bootstrap CIs;
success required MCC within 0.02 of logistic regression and a KC contribution > 0.03. With 12 piece
planes x 64 squares plus move one-hots (897 dimensions) into 2,000 KCs x 6 claws with top-5%
WTA, the fly scored +0.101 [+0.079,+0.124] against +0.245 for logistic regression, +0.387 for a
123,265-parameter MLP and +0.185 for its own no-KC ablation. The encoder diagnostic explains it:
the vector is dense in format but 2.3% non-zero in content (20.8 of 897 positions), so 86.5% of (KC,
example) pairs had zero active claws and the class-separation Jaccard was —0.0006; the mechanism
of Section 4.1 in an input that looked dense. A second round with a signed piece value per square
(64 dimensions, 28.6% non-zero) left the Jaccard separation at +0.0002, dropped the fly to +0.016
and the MLP from +0.387 to +0.190, because the scalar encoding is ambiguous; content density
and information preservation are different axes. Per the pre-registered rule, no playable engine was
built from the MB.

4.4 Does the measured wiring help? Connectome versus degree-preserving null

Every earlier MB version drew the PN—KC projection at random, “because in the fly it is random”;
that assumes the null hypothesis about the connectome rather than approximating it. The extractor
was rebuilt to include the input layer of FlyWire v783: 285 antennal-lobe projection neurons (ALPN)
— 5,177 KCs (22,298 edges, 366,946 synapses), KC—KC (24,169 edges, never modelled before),
KC—96 MBONSs (26,937 edges) and the two APLs; the extractor gives 4.69 ALPN claws per KC
against 5.2 + 1.6 in Zheng et al. (2022). The task is a synthetic odour mixture with a conjunctive
label (eight components as graded sparse patterns over the 285 ALPNs, three parity bits as an
8-class label), not linearly separable in component space; in the pre-training gate logistic regression
on the ALPNs scored 12.8-15.0% against a 13.2% majority class and the exact Bayes optimum
100% (the gate and the experiment are separate runs, hence the small differences from Table 4).
Two regimes (neutral; “convergent”, where signal concentrates on high-degree ALPNs), 5 seeds, 5
reshuffles per null, 4,000 training and 2,000 test items, shared initialisation. The pre-registered
prediction, following Zheng et al. (2022) and Dhiman (2026), was a tie.

All four gates passed, so A is interpretable, and the connectome loses: —4.30 pp and —7.11 pp
(Table 4). In the convergent regime the same circuit, training and seeds beat the naive null by
+13.53 pp, a publishable-looking advantage; only the control changes and the sign changes with it,
because the naive shuffle destroys the degree distribution (Gini of ALPN out-degree 0.501 — 0.066,
z = 4203). The measured wiring is far from random: with degrees fixed, KC—KC reciprocity is
0.4912 against 0.0018 (270x, z = +1,744), clustering 57x, and ALPN—KC co-convergence variance
13.142 against 5.854 (z = +64.7; Zheng et al., 2022 report z = 13.8). The mechanism of the loss
is one number: the real wiring covers 11,464 distinct ALPN pairs where the shuffled wiring covers
17,390, 34% fewer conjunctions; for a random expansion, coverage of distinct conjunctions is the



Table 4: Measured FlyWire MB wiring against two nulls, 8-class parity task, accuracy (%), 5 seeds;
A rows are paired differences with two-level bootstrap 95% CI. The MLP (28,232 parameters vs
27,713 for the connectome model) was not pre-registered.

arm neutral convergent
Bayes optimum 100.00 100.00
MLP 285—96—8 99.96 99.98
naive shuffle null (mean of 5) 77.33 65.84
degree-preserving null (mean of 5) 71.61 86.48
connectome 67.31 79.37
isomorphism control 67.36 79.33
no KC (logistic on ALPNs) 13.26 13.45
A connectome — degree null (pre-registered: > +2.0 pp) —4.30 [-6.12, —2.32] —7.11 [-8.27,-5.94]
Ay connectome — naive null (descriptive) —10.02 [-11.88,—7.96] +13.53 [+12.08,+14.95]
As isomorphism (JA| < 0.5pp) —0.05 [—0.20, +0.10] +0.04 [~0.03, +0.16]
A4 KC layer vs no KC (blocking, > +5pp) +54.05 [+52.14,+55.98]  +65.92 [+64.21,+67.59]
As active ALPN inputs per KC (> 2.0) 2.339 2.976

scarce resource (Litwin-Kumar et al., 2017), and the measured wiring trades coverage for redundancy.
A first run had given a larger deficit (—7.36/—10.47 pp) for a reason that was not topology: the
FlyWire CSV has one row per (pre, post, neuropil), and treating rows as edges gave the null 83%
more partners and 49,236 plastic KC—MBON parameters against 26,937, violating the pre-registered
parameter equality through a file format; the erroneous artefacts are kept beside the corrected ones.
The encoder diagnostic did not predict the result (the connectome’s mean Jaccard separation, 0.0072,
exceeds the null’s 0.0052 because both its within- and between-class overlaps are higher), and an
MLP with matched parameter count solves the task at 99.96%.

5 The mushroom body as a similarity index

5.1 The value envelope and the decision rule

Five fronts converged on one description (a sixth, Section 5.4, later confirmed it). The MB code
is an excellent near-duplicate recogniser (Jaccard between near-duplicates +0.685 to +0.918) and
an almost null category separator (+0.0009 between classes); it offers cost and memory fixed in N,
single-exposure writes, novelty detection for free, and about 0.1 r identifiable items for r cells. Its
measured limit is that when exact search fits the budget, exact search wins (dictionary +0.873 and
exact 1-NN +0.880 against +0.839). The decision rule recorded in the ledger: “have I seen ezactly
this?” — a dictionary; “have I seen something similar, and can I store everything?” — exact 1-NN
or an embedding index; “similar, N too large, fixed memory?” — only then the circuit. None of the
program’s five application candidates reached the third line; the largest corpus in play was about
4,000 items.

5.2 Can a KC layer replace attention?” The SDM bridge

Bricken and Pehlevan (2021) show that softmax attention with normalised keys equals the read of
a Kanerva SDM in the “pattern view”, which abstracts the neurons by assuming r» = 2" address
units. A KC layer is the neurons: a finite-r Monte Carlo estimate of the attention weights. EXP-
005 (pre-registered in commit a06064412) stored N (key, value) pairs in R%*, queried with noise
o € {0,0.25,0.5,1}, in a random-key regime R and a correlated-key regime C, 5 seeds, and compared
a hash table, 1-NN, attention at 8 € {10,25,50,100}, a no-KC ablation, a synthetic fly hash, the
FlyWire KC layer (r = 5,177, measured APL weights), a centred readout, a dense random projection
with the same kWTA and a canonical Kanerva SDM; nobody learns. The decisive hypothesis: is
there any (regime, N, o) where the KC layer costs less than attention and stays within 0.10 of its
fidelity? The encoder diagnostic answered first: the code is alive (0% dead cells, 259 active per input)
but its kernel has Beg = 2.6 and floor #(0)/x(1) = 0.05, against 8 = 25 and a floor of 1.4 x 10~



Table 5: EXP-005 associative recall, fidelity cos(output, correct value), o = 0, mean of 5 seeds. Hash
table and 1-NN are 1.00 throughout.

regime, N  attention f=25 no KC synthetic KC connectome KC Kanerva SDM centred KC

R, 64 1.00 0.71 0.90 0.90 0.91 0.96
R, 512 1.00 0.33 0.60 0.58 0.62 0.77
R, 4096 1.00 0.12 0.25 0.24 0.26 0.39
C, 16 1.00 0.55 0.88 0.89 0.88 0.91
C, 4096 0.95 0.04 0.11 0.11 0.11 0.13

Table 6: EXP-008, recall@1 of the source photo given the cutout, 114 test pairs against 3,994 images;
fly configurations chosen on the calibration half.

method recall@l  95% CI
exact content hash 0.000 —

aHash 64 bit 0.840 [0.784,0.893]
pHash 64 bit 0.874  [0.822,0.920]
no-KC ablation on pixel (20 of 1,024 active) 0.865 [0.815,0.912]
SimHash, same 40 bits, on pixel 0.899 [0.851,0.943]
colour histogram (RGB 8°) 0.921 [0.877,0.965]
fly hash on pixel (2,000 cells, 40 active) 0.923 [0.876,0.961]
dHash 0.924 [0.882,0.961]
MobileNet 576-d, exact 1-NN 0.930  [0.886,0.969]
pixel 32 x 32 grey, exact 1-NN 0.939  [0.899,0.974]
fly hash on MobileNet (20,000 cells, 400 active) 0.947  [0.912,0.978]

for the attention Bricken and Pehlevan (2021) measure in trained models; four encoders give the
same curve within 0.02. Table 5 shows the consequence: attention is exact across the range and the
KC layer degrades from N = 16; it becomes cheaper than attention at N ~ 410, where its fidelity
is already < 0.64 (R) or < 0.36 (C), and the hypothesis has zero cells in either regime for all five
SDM/KC arms. By identification (nearest stored value is the right one) the raw KC layer holds
about 500 items (0.17) and the centred readout about 1,500, in 331k numbers, whereas attention
holds 4,096 pairs exactly in 524k numbers: more numbers, but more pairs per number. Eight of
ten pre-registered predictions held, and the two misses are explained with measured moments of
the code. The bridge holds, and that is why the substitution fails: the circuit is the cheap sample
estimate of what attention computes exactly. What it has is on the axis attention does not occupy
(fixed cost, one-shot writing, novelty for free), where it competes with linear attention and Bloom
filters and does not choose its kernel.

5.3 Application: near-duplicate photographs in a product catalogue

The purest fit to the envelope: the same handbag photographed twice, with different crop, background,
lighting or resolution, among the images of an e-commerce catalogue (325 SKUs, 4,196 manifest
entries, 3,994 downloadable thumbnails; the 83 missing were HTTP 404s in 42 SKUs). Ground truth
came from a manifest field: 273 background-removed cutouts, each carrying the URL of its source
photo; 228 pairs survived, split by SKU into 114 for calibration and 114 for test. Exact search has
two forms here with opposite answers: the manifest checksum field pairs 228 of 228 (provenance), a
content hash of the normalised thumbnail 0 of 228; the operational case, a supplier photo without
provenance, is the second.

Table 6 gives the test scores. The best row is the fly hash on MobileNet features (0.947) and the
trivial baseline, exact nearest neighbour on a 32 x 32 grey thumbnail, is at 0.939; with 114 pairs
the two are statistically indistinguishable, as is everything from 0.923 upward. The fly’s published
claim reproduces at the level it is made: on raw pixels it beats SimHash at the same bit budget by
+2.4pp and its own ablation by +5.8 pp (isomorphism control A = 0.000000). The paired stress
test EXP-008b (228 transformed queries, eight transformations, paired bootstrap against exact
1-NN on the fly’s own descriptor) decides it: the fly never wins, ties in four conditions and loses



significantly in four (crop 10% —0.068 [—0.129, —0.007]; brightness —0.094; grey background —0.091;
textured background —0.150 [—0.209, —0.093]). What decides is the descriptor: swapping pixels
for the CNN moves recall on cropped queries from 0.048 to 0.539, and putting the fly hash on top
moves it between —15 and +0.4 points, mostly downward. The same-SKU control behaves as the
envelope predicts (recall@1 of another photo of the same product 0.011-0.027 on 1,019 pairs). The
recommendation shipped was pixel 1-NN at a calibrated threshold (precision 0.872, recall 0.895)
with a colour histogram beside it; the fly was not switched on because 3,994 vectors of 4 KB are
16 MB.

5.4 Code clones: EXP-009

The last application asked whether the circuit’s envelope includes code-clone detection, a domain
with a public benchmark and a literature of hash-based baselines. Pre-registered on 2026-09-23
(commit 508db1828; scripts committed before the first run in ffaa50c2e): the MB from Section 4.2,
unchanged, on BigCloneBench (Svajlenko et al., 2014) in its CodeXGLUE form (Lu et al., 2021),
google/code_x_glue_cc_clone_detection_big_clone_bench. That version has no clone type
and no project, so the pre-registered Type-4/W'T3 slice is untestable and the split is by function
(60/20/20, seed 1789; the official splits are already function-disjoint). From a pool of 1,506,429
unique pairs over 9,126 functions, N = 50,000 pairs were sampled (30,000 / 10,000 / 10,000; 22.31%
positives); test n = 10,000; F1 with paired bootstrap CI (2,000 resamples), MCC alongside. Two
circuit forms share one KC layer: an LSH form (the fly hash, pair score = shared active cells) and
an MBON form (pair vector [|a —b|, a-b] — KC — MBON rule); “the circuit” in the As is the form
with the best validation F1, MBON on bge (20,000 KCs, p = 0.05, 6 claws). Baselines: normalised
exact token hash, MinHash (k = 5, 128 permutations), SimHash (64 bit), exact cosine on the same
dense vectors with a validation threshold, logistic regression on the pair’s hashed TF-IDF, majority,
always-clone, random; extras outside the pre-registration: logistic regression on the dense pair vector,
no-KC, code shuffled against items, and raw (un-standardised) cosine. One run, 82.5 min of CPU.

The scoreboard (F1, test): logistic regression on pair TF-IDF 0.865 [0.855,0.875] (MCC +0.825;
23s to train) > logistic regression on the dense pair 0.798 (SVD) / 0.635 (bge) > circuit-MBON
bge 0.582 [0.567,0.598] (MCC +0.447) > raw cosine 0.502 (SVD) / 0.512 (bge) > MinHash 0.395
[0.380,0.409] > always-clone 0.365 > SimHash 0.364; the exact hash finds one pair in 10,000. The
pre-registered gate, circuit minus its degree-preserving shuffle > 40.10, gave +0.007 [+0.000, +0.014]
and failed, which by the pre-registration voids A;—Aj3 even though A; (vs MinHash, 40.188
[+0.171,+0.203]) and Ag (vs exact cosine on the same bge vectors, +0.075 [+0.061,40.089]) passed
numerically; the LSH form, which is the direct analogue of the published fly hash, scores +0.003
[—0.006, +0.012] against exact cosine. As: the KC code per item (1,600-3,200 bytes as int32 indices)
costs more than the dense vector it would replace (1,024-1,536 bytes). Isomorphism control 0 of
10,000 predictions changed; code shuffled against items falls to 0.197; the no-KC ablation ranges
from —0.015 to +0.074 depending on form and representation, and in the chosen form it beats the
circuit (0.597 vs 0.582).

Two methodological findings belong to the record. First, a degree-preserving permutation of a
projection that is itself random and untrained is a re-seeding: it cannot make the circuit worse, so
the pre-registered gate was uninformative by construction (two reshuffle seeds sit inside the intact
circuit’s CI). The controls that discriminate are the code shuffled against items (0.197) and the
no-KC arm; the rule is that degree-preserving rewiring only tests wiring that is not random by
construction (it did its job on the measured connectome in Section 4.4). Second, a per-dimension
z-score inherited from EXP-006, where it feeds the KC layer, was applied before the cosine baseline
as well and destroyed the SVD baseline (0.365, i.e. always-clone, against 0.502 without it); the SVD
Ay of +0.176 is therefore inflated and the honest value against raw cosine is +0.038 [+0.019, +0.058]
(in bge nothing changes, 0.508 vs 0.512). In the decision rule’s language: the circuit’s envelope does
not include code-clone detection at this scale (9,101 functions x 1.5kB = 14 MB fits in memory),
and a supervised linear model is the cheap, exact-enough method: on the same dense bge pair vector,
logistic regression beats the circuit by +0.053 [+0.040,+0.066] (SVD: 40.258), and on the pair’s



Table 7: Angular integration, regime N1, percentage loss against the circKF optimum, median of 5
seeds on a fixed test set of 2,000 sequences. Brackets are the min—max across seeds, not a confidence
interval. Optimum error 23.0°.

estimator parameters error (°) loss (%) [min; max]
optimum (circKF) — 23.0 0.0

ring 9 23.7 0.9 [0.3;1.1]
ring, relabelled (isomorphism) 9 23.7 0.9 [0.3; 1.1]
ring, 64 wedges 9 23.8 1.0 [0.5; 1.3]
ring without attractor (ge = 0) 8 24.7 22 [1.9; 2.3]
gru-h16 1,090 50.5 39.0 [36.1; 44.0]
gru-h8 354 56.0 474 [43.0; 50.3]
ring without rotation 9 59.6 53.1 [39.6; 55.1]
trivial: last landmark — 61.0 55.2

ring, shuffled (degree-preserving) 9 60.9 55.1  [10.1; 55.4]
optimal-gain integrator — 63.0 57.5

gru-h32 3,714 89.2 98.7  [27.0; 100.6]
trivial: zero — 90.6 100.8

TF-IDF, a different input, by +0.282 [+0.266, +0.298].

6 The ring attractor and its spatial-grid derivative

6.1 Task, instrument and pre-registration

The task follows Kutschireiter et al. (2023): heading ¢¢ = ¢r—1 + A¢, Ay ~ N(0,0%); observed
angular velocity u; = A; +N(0,02); a von Mises landmark with probability p per step. Step 0.15s,
200 steps, typical turn 153°/s, o, = 0.3 0, landmark every ~ 3s with k., = 16; regimes NO (pure
integration), N1 (with landmark; the main experiment) and N2 (landmark blackout between steps
60 and 160, never seen in training). The score is percentage loss against the circular Kalman filter
optimum (0 = optimum, 100 = chance) on the second half of each sequence. The instrument was
validated before any model existed: seven checks, eleven assertions, including that circKF ties a
2,000-particle filter to +0.02% and that the best untrained baseline loses 55.9 pp to the optimum;
a first parametrisation was rejected by that gate. All models receive the same four inputs per
step. The ring is the canonical ellipsoid-body/protocerebral-bridge topology: 16 wedges, local
excitation and global inhibition (Kim et al., 2017), two P-EN shift populations (Turner-Evans et al.,
2017), a fixed cosine landmark expansion and a parameter-free population-vector readout; only 9
gains train. Comparators: GRUs with h € {1,...,32} (25 to 3,714 parameters), RNNs, a “split”
GRU that receives ReLU(+u) for free, the optimum, two untrained integrators and two trivial
estimators; the GRUs received a second hyper-parameter search at full budget that the ring did
not (amendment E4), and the ring’s gains were jittered per seed (E3). Five pre-registered effects
(commit 793c5482f, 4 min41s before the first recorded training run): A; ring > 10 pp better than
gru-h2; A, smallest GRU matching the ring has > 350 parameters; Ag ring reaches 25% loss with
< 1/3 of the sequences the best GRU needs; A4 ring > 10 pp better than the best GRU in N2;
blocking As: a degree-preserving shuffle of the recurrent connectivity is > 10 pp worse than the ring,
with an isomorphism control within 1 pp.

6.2 The first result

Table 7 is what the first article led with: the ring at 0.9% with 9 parameters, the best GRU
(1,090 parameters) at 39.0%, no GRU budget reaching the ring. All five As were declared met:
As +44.49pp (two-level bootstrap 95% CI [+26.61, +54.84]; ring 0.89% vs shuffled 55.10%), A;
4+99.52 pp, Ay “no budget reaches”, As ring at 2,048 sequences vs GRU never within 12,800, Ay
+70.44 pp [+65.50, +75.50], isomorphism 0.0033 pp. Aj is not a budget artefact: the shuffled ring’s

!The first article described 55.9 pp as the gap between best and worst untrained estimator; the verification found it
is the best trivial baseline’s loss against the optimum.
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Table 8: GRU retrained on the same 12,800 sequences for several epochs (percentage loss, N1, fixed
test set; no early stopping, best epoch read on the test set). Reproduced identically on 2026-09-16.

model 50 steps (= article) 150 250 400 500 best to 600 (N2)
gru-h16, seed 0, Ir 0.03 34.1 9.5 54 3.3 24 2.4 (11.4)
gru-h16, seed 1, Ir 0.03 443 134 108 93 6.3 4.4 (17.1)
gru-h32, seed 1, Ir 0.01 556 102 54 2.0 0.95 0.95 (3.0)

ring, median of 5 seeds (article) 0.9 0.9 (4.4)

own sample-efficiency curve plateaued at 54.4-54.6% from 4,096 sequences onward, while the intact
ring reached 0.5% on the same ladder at 12,800 (0.9% in the main table, a different run); one of the
five permutations happened to preserve enough structure to reach 10.1%, and the CI contains that
seed. Two facts survive independently of any GRU comparison. Untrained: freshly built models on
1,000 N1 sequences score 54.2% (ring; min-max [50.6; 71.4]), 60.3% (64 wedges), 68.7% (shuffled),
99.7% (gru-h32) and 100.4% (rnn-h32); the bias is in the wiring and the shuffle already costs before
any gradient. Ablations localise function: without rotation the model falls to the “last landmark”
level (53.1% vs 55.2%); without recurrent excitation it loses 2.4% with a landmark every 3s but
87.1% with none (ring 10.3%, 64-wedge ring 3.9%, all GRUs > 100%), the persistence-without-anchor
role the biology assigns to the attractor (Seelig and Jayaraman, 2015; Noorman et al., 2024).

6.3 What adversarial review found

The GRU had not been trained. The loop drew a fresh batch of 256 per step in one pass:
“12,800 sequences” was 50 Adam steps, and the 2,048-sequence calibration that chose each GRU’s
learning rate was 8 steps; the literature the article cited trains such networks for 10*-10° steps
(Cueva et al., 2020; Schaeffer et al., 2022). Every GRU curve that had started to learn was still
falling 10-20 pp between the last two ladder points. gru-h32 was the acute case: learning rate 0.1
chosen on one seed, two of five evaluation seeds trained (34%, 27%) and three diverged; “[27.0; 100.6]”
was a mixture of two populations. The reviewer reran the same 12,800 sequences for 12 epochs with
the same learning rates (Table 8): a GRU-h32 retrained for 500 steps (one seed, best epoch selected
on the test set, no early stopping) reached 0.95% in N1 and 3.01% in N2, matching the ring in N1
and beating it in N2 (0.9% / 4.4%). The ring converges in 50 steps because it starts at 54% and
tunes nine gains; giving the comparator “the same budget” gave it less.

The right comparator has 3 parameters, and it beats the ring. The circKF has an explicit
recurrent form: a 2-d state rotated by gwu, shrunk by d, summed with g, (m cosz, msinz). That
vector integrator has three free scalars and no ring, wedges, inhibition or P-EN populations; it carries
only the geometry the ring gets for free. With the article’s loop and 50 steps, 3 seeds, it scores 0.11
/ 0.20 / 0.20% in N1 and 0.10 / 0.62 / 0.16% in N2 against the ring’s per-seed 0.8 / 1.1 / 0.3 / 0.9
/11land 3.0 /4.4 /4.6 /5.2 / 3.5; it learns the Bayesian gain explicitly (¢ = 0.919/0.897/0.943
against 0.917); untrained it sits at 2.4-4.8% against 54% for the ring. The honest sentence: SO(2)
geometry solves the task with 3 parameters, and the ring is a 16-wedge discretisation whose six extra
parameters cost precision. The report also noted that the ring’s NO per-seed losses are 7.0 / 7.8 /
43.6 / 52.8 / 11.0%, two of five above 40%: the catastrophic drift of Noorman et al. (2024).

Consequences. Both comparators were re-executed in the article’s own worktree under a pre-
registered criterion and reproduced the reviewer’s numbers exactly. A1, Ay and Ay fall; Az is a
lower bound and, as a crossing, untested.? What survives because it never depended on the GRU:

2The superseded article’s header differs from the record used here in two places: it quotes the retrained GRU
at 5.4% (h16) and 1.25%/3.5% (h32), which are the epoch-5 and epoch-9 rows of the reviewer’s log, whereas the
reproduction of 2026-09-16 confirms 0.95%/3.01% at epoch 10; and it lists A among the survivors, whereas the referee
report classifies it as not tested because sample efficiency was never measured with training to convergence. The later
sources are used.
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As, the isomorphism control and the untrained inductive-bias curve. The rule that came out of this
episode is the third row of Table 1.

6.4 Where the learned ring disagrees with the fly

Training moved every one of the nine parameters: the shift per step went from 19.3° (about one
22.5° wedge) to 90.2°, 3.9x the task’s typical turn; the bump narrowed from 80.6° to 52.3° full width
at half maximum, against 82.3 + 11.5° measured with a stripe by Seelig and Jayaraman (2015); the
landmark gain rose from 0.90 to 5.26. For this task the optimal tuning is not the fly’s; the biology
fixed the class of solution, not the values.

6.5 Dopaminergic modulation through the fan-shaped body

A whole-brain dopamine map (Appendix C) found that dopaminergic neurons reach the central
complex mainly through the fan-shaped body (1,651 edges / 12,086 synapses DAN—FB and 3,881
/ 43,995 FB—columnar neurons, against 1,173 direct synapses). A pre-registered one-parameter
modulation of the landmark gain by a causal “surprise”, which reduces exactly to the ring at zero,
gave paired N2 differences of —0.256, +0.636 and —1.193 pp over 3 seeds: two of three worse, and
the pre-registered criterion, written as a difference of separate medians, technically passes on one
seed and was not used. The result is inconclusive, probably null.

6.6 Chess with a spatial grid derived from the ring principle

GradeEspacial adapts the ring’s principle (fixed local excitation, global inhibition, divisive normali-
sation, parameter-free readout) to a static 8 x 8 grid with Chebyshev distance, settling for K = 4
steps; it is a derivative, not the central-complex circuit. The full Lichess puzzle database (6,100,952
puzzles) was streamed, 500,000 puzzles (1,000,000 examples) encoded under a pre-registered CPU
ceiling, a fixed test set of 199,998 examples held out, and 800,002 examples left for training. All
numbers in Table 9 come from a single training seed and split (seed 20260916) with a fixed epoch
budget per arm; a pre-registered adversarial revision (2026-09-27) retrained the MLP to convergence
at the two smallest sizes and identified the grid’s fixed point, and both corrections are folded in
below. The pre-registered criteria for the 9-parameter v1 (improves with scale by > 0.05; within
0.03 of the MLP; beats its ablation by > 0.02) all failed: its MCC is 0.1300 at both 200,000 and
800,002 examples, identical to seven decimals, and it never separates from its no-excitation ablation.
The MLP cells at 2,000 and 10,000 in Table 9 are undertrained: the library’s early stopping on
validation accuracy cut the original MLP at epoch 10 at both sizes, with best validation accuracies
of 0.470 and 0.474, below chance, the GRU failure of Section 6.3 again. Retrained to convergence
(validation-loss early stopping, patience 20, 3 seeds, same fixed test set) the MLP reaches a median
MCC of 0.0970 (seeds 0.1268 / 0.0970 / 0.0883) at 2,000 examples against 0.1185 for the grid and
0.1841 for logistic regression, and 0.1918 (0.1918 / 0.2010 / 0.1827) at 10,000 against 0.0769 and
0.2286: at 2,000 the grid still edges the converged MLP by 0.02 with one of three seeds reversing
the sign, at 10,000 the MLP beats the grid in all three seeds, and logistic regression beats both at
both sizes. The value 0.1300388 shared by v1 at 200,000 and by v2 and v3 at 2,000 is identified:
the three models make 100.00% identical predictions on the test set, and the rule is pred = 1 iff
max(Vgrom, 0) + max(vi, 0) > 2, i.e. a white non-pawn piece stands on the from- or the to-square; it
reproduces the MCC to 16 digits with agreement 1.0000. The cause is the encoding: a signed value
per square (+white, —black) followed by ReLU(g, - input + b) with g, > 0 and b ~ 0 zeroes every
black piece, so the grid is blind to half the pieces and the decision lives in the linear term, which
is why the ablation ties. Post hoc, the same rule family with threshold 4.5 matches v1 at 2,000
(0.1185077) and threshold 3.25 the exact 0.07692550749 of v1 at 10,000 and of two ablation cells.
With 800,002 examples, four geometric kernels (king, rook, bishop, knight; 33 parameters) lift
the grid from 0.130 to 0.313 [0.3092,0.3167], above logistic regression (0.2431 at full data; 0.2443 at
200,000) and its own ablation (0.1646); pawn and queen kernels (v3, 49 parameters) add 4+0.0271 to
0.3401, below the pre-registered floor of 0.03; below 200,000 examples the kernels add nothing (v2
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Table 9: Spatial grid on Lichess puzzle move classification, MCC on a fixed test set of 199,998
examples, by training size; one training seed and split. v1: 9 parameters, one Chebyshev kernel.
v2: four geometric kernels (king, rook, bishop, knight), 33 parameters. v3: v2 plus pawn and queen
kernels, 49 parameters. Ablations switch off local excitation. T undertrained (early stopping at epoch
10); converged median 0.097 / 0.192 (3 seeds; Section 6.6).

train size logistic strong MLP vl grid vl ablation v2 grid v2 ablation v3 grid v3 ablation

2,000 0.184 0.003" 0.119 0.119 0.130 0.130 0.130 0.130
10,000 0.229 0.019° 0.077 0.077 0.111 0.085 0.070 0.083
50,000 0.243 0.388 0.096 0.124 0.076 0.077 0.078 0.077

200,000 0.244 0.467 0.130 0.130 0.130 0.147 0.130 0.130
800,002 0.243 0.564 0.130 0.130 0.313 0.165 0.340 0.171

any capture rule (0 parameters): 0.394 at every training size

sits on the same fixed rule at 2,000, vl at 200,000; the other cells were not matched example by
example). A zero-parameter baseline that none of the three rounds had measured, “the move is a
capture”, scores MCC 0.3942 on the same test set: above every grid variant (< 0.3401), above logistic
regression (0.2443) and above the MLP up to 50,000 examples (0.3879); only the MLP at 200,000 and
800,002 (0.4674 / 0.5637) beats it. The comparison that matters is that the geometric-kernel grid at
800,002 examples beats logistic regression but loses to a zero-parameter capture rule and to a dense
MLP; the earlier reading that geometry beat data does not survive, and the task carries a cheap
shortcut (the puzzle’s move is a capture far more often than a sampled legal move) that any future
comparison must declare. Classification skill did not become playing strength: in Elo tournaments
(30 games per pair, Bradley—Terry with bootstrap CIs, random mover at 1000, move = argmax of the
classifier) the grids, a greedy material heuristic and a REINFORCE self-play agent (400 games) were
all indistinguishable from random; 2-ply alpha—beta search lifted only the material evaluator out of
the tie (1466.6 [1084.6,1578.9]), while search over the learned evaluators (v2 1019.8 [931.7,1522.4],
v3 1143.8 [983.3,1563.6]) did not, because a move classifier read as a position evaluator is a noisier
leaf signal than material.

7 What the protocol caught

Table 10 is the record that motivates the protocol: errors that produced a number that looked
publishable or was believed for some time, what exposed each, and the rule it left; the remaining
thirteen rows are in Table 14. Most detectors were cheap (an ablation, a lookup, a count of ties,
a look at the raw per-seed curve); the errors that took longest to find were the ones where the
subjective state was confidence rather than doubt, and adversarial review with a mandate to run
experiments found the three worst. The rules are not new in isolation (single-quantity metrics being
gameable is Goodhart’s law; continual-learning benchmarks have paired forgetting with intransigence
since Lopez-Paz and Ranzato, 2017; Chaudhry et al., 2018); what is new is the record of each one
being needed, in a small program, within two weeks.

8 Limitations

e Two circuits and one derivative, one to six tasks each (the MB: text, chess, the
connectome task, photographs, recall and clones; the ring and the grid: one task each). No
general law about “biological architecture” is licensed; the first article’s thesis (“structure buys
efficiency where the geometry coincides and charges rigidity outside it”) was retired as a law
stated on two cases. One task per circuit cannot separate a property of the circuit from a
property of the task.

e The ring is canonical topology, not measured wiring; the comparison with the measured
central complex was not made (Kutschireiter et al., 2023 report the two indistinguishable in
their setting).
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Table 10: Non-trivial errors caught during the program, the detector, and the rule left.

error (with the number it produced)

detector

rule

Naive null flips the sign: +13.53 pp
against a shuffle, —7.11 pp against a
degree-preserving shuffle
Degree-preserving permutation of an
already-random projection: gate 40.007
[+0.000, 4-0.014], uninformative by
construction

CSV rows treated as edges: the null
received 83% more partners and 49,236
plastic parameters against 26,937
Strong baseline undertrained, twice:
“12,800 sequences” was 50 Adam steps
(8 in calibration) and gru-h32 went from
98.7% to 0.95% when retrained; the
chess MLP was cut at epoch 10 by
accuracy-based early stopping
(validation accuracy 0.470, below
chance)

Missing minimal comparator, twice: a
3-parameter vector integrator scores
0.11-0.20% against the ring’s 0.9%; a
zero-parameter rule (“the move is a
capture”, MCC 0.3942) beats every
chess grid and logistic regression
“Dense” format, sparse content: 897-d
chess vector 2.3% non-zero, 86.5% of
KCs with zero active claws

Tie credit by array index favoured
coarse methods (pHash 0.904 — 0.874;
the ablation tied with 40 candidates per
query)

Criterion written as a difference of
medians passes while 2 of 3 paired seeds
worsen

running both nulls

two reshuffle seeds inside the
intact circuit’s CI; code shuffled
against items falls to 0.197

checking the premise “one row
is one edge” against the file

adversarial review reran both
with a convergence criterion;
raw curves had not plateaued

reviewer’s comparator ladder; a
sweep of fixed rules of the task

content-density measurement

counting ties

reading the pairing

degree-preserving null is
mandatory; the naive null is
only the weak control

such a null only tests wiring
that is not random by
construction; otherwise shuffle
codes against items and ablate
the layer

aggregate by neuron pair; assert
equal parameter counts

the strong baseline gets more
budget than the proposed
model; convergence check
before any crossing claim

the minimal model with the
same geometry, and the
zero-parameter rules of the task,
must be in the table

density means content, not
format; measure before running
a KC layer

tie credit by expected value

criteria written as paired
differences

Seeds. Three in EXP-002, EXP-007, the vector-integrator and dopamine comparators; five in
the main ring, connectome and recall experiments; ten in EXP-003; one projection seed in the
photograph experiment; one training seed and split in the whole chess grid study (Table 9;
only the MLP retrain of the 2026-09-27 revision used 3 seeds); one run in the clone experiment.
Intervals are bootstraps over seeds and test items, not over re-collection.

Retrained GRU. The GRU that matches the ring was retrained for 500 steps on one seed
with the best epoch selected on the test set and no early stopping; it shows that the original
comparison was unfair, not what a tuned GRU achieves.

Robustness of the ring to turn noise was swept only against the undertrained gru-h32 (3
seeds) without the trivial baseline in the table, so the inversion reported in the first article
(—1.3pp at o, = o) is not a comparison this paper relies on; the closed-form mechanism (one
learned gain applied at all noise levels) was asserted, not tested.

Scale. Everything ran on CPU. The MB’s published advantage is sublinear cost where exact
search does not fit; no experiment reached that scale, so the decision rule’s third line is untested,
not refuted.

Dense images. Where the encoder is alive (EXP-003), the KC layer’s +26.4 pp is measured
against a degenerate ablation that stops learning after task 1 and is not evidence of capability;
no strong adversary was run and MNIST was not run.

Photographs. One transformation (background removal) on a largely white-background
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catalogue (152 of 160 audited primary photos).

e Chess and code. The grid’s signed-value encoding made it blind to black pieces, so every cell
matched example by example (v1 at 2,000 and 200,000, v2 and v3 at 2,000, three ablation cells)
measures a two-square rule, not geometry; the remaining small-data cells were not matched,
and the v2/v3 results at full data are the only regime where the grid demonstrably left that rule,
and they were not investigated further. The grid evaluator was trained as a move classifier and
read as a position evaluator; tournament intervals span hundreds of Elo. The clone benchmark
version lacks clone types, so the pre-registered Type-4 slice was untestable, and the split is by
function rather than by project.

e Provenance. The pre-registration-before-training order is verifiable only with the original
branches and the ledger, because the work entered the main line by squash; the ledger was
per-worktree on the first day; the clone run’s tree was dirty by two non-numeric edits. The
first day compressed pre-registration, execution, drafting and review into hours.

9 Disclosure of agentic execution

The experiments, code, analyses and the LaTeX manuscript were produced by LLM-based agents
operating under the author’s direction inside a version-controlled protocol; this manuscript was
drafted by an LLM agent from the result files listed in Appendix A. The direction of the programme,
the choice of the two circuits and of the domains to test them in, the request for each new experiment,
and the acceptance of every result reported here are the author’s. The repository does not record
which individual thresholds, amendments or retractions were set by the author rather than proposed
by an agent and accepted, and no such attribution is claimed; the pre-registration files themselves
are written in the agents’ voice. The model family recorded for the experiments, reviews and
this text is Claude; the wider repository also employed Codex, Qwen, Grok and Gemini agents,
and the programme’s files do not record whether any of those touched this work. Exact version
identifiers are not recorded for every run and are not asserted here. The adversarial reviewers and
the numeric verifiers were LLM agents of the same family as the experimenters, working in separate
checkouts with separate mandates. Every reference was resolved against its primary source via the
arXiv, Crossref and PubMed APIs on 2026-09-27. fontes.md (number-to-source map), the referee
and verification reports on the first article (PARECER.md, VERIFICACAQO.md) and on this manuscript
(PARECER—ARXIV—2026—09—27.md, VERIFICACAD—ARXIV-2026—09-27.md), the pre-registrations, the
result files and the run ledger are packaged as ancillary files of this submission by montar_anc.py,
which lists every file it includes. The author reviewed the manuscript before submission and is
responsible for its conclusions.

10 Conclusion

Of the transpositions tested with a strong control, none beat the corresponding trivial or minimal
adversary: the MB loses to logistic regression and to a dictionary on text, to an MLP on chess and
on a synthetic conjunctive task, to a linear model on code clones, and to its own degree-preserving
shuffle when its measured wiring is used; the ring loses to a 3-parameter integrator that carries only
its geometry and to a GRU that was allowed to train; the KC layer is the sample estimate of the
attention it was meant to replace. What the MB is, by measurement, is a near-duplicate recogniser
whose value begins where exact search stops fitting; what the ring keeps is that topology matters
relative to itself shuffled (+44.49 pp) and that the bias is present before any gradient; what the grid
shows is that a 33-parameter geometric grid beats a linear model only at full data, and loses there to
a zero-parameter capture rule and to a dense network. The contribution offered to whoever repeats
this kind of work is the apparatus and the record of why each part of it exists, above all a strong
baseline that receives more budget than the model being proposed.
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A Reproducibility

All paths are relative to the repository root and all listed files are included in the ancillary archive.
The ledger MOSCA/pesquisa/ledger. jsonl (versioned since commit c3b98aee3) holds one entry
per run (25 entries covering EXP-001 to EXP-009 and the chess revision, some experiments with
more than one run, two hosts) with commit, dirty-tree flag, command, machine, dataset SHA, seeds,
wall and CPU time and peak memory. String hashing is CRC32 and PYTHONHASHSEED is fixed
throughout. The FlyWire file connections_princeton.csv.gz is pinned by SHA-256
(445£996b. . .5bd48b) and downloaded from FlyWire Codex (FAFB v783); text, chess and clone
data are external and rebuilt by the listed scripts.

Table 11: Files, registration and seeds of each experiment (paths under MOSCA/).

experiment

files (MOSCA/...)

registration, seeds

MB text, EXP-002

Fair retest,
EXP-006/007

Continual,
EXP-003/004
Chess, MB

Connectome vs
null

Attention,
EXP-005

Photographs,
EXP-008

Code clones,
EXP-009

Ring attractor

Spatial grid

Review

comum.py; pesquisa/exp002_memoria_instancia.py;
pesquisa/CORRECOES.md; 9 tests in
tests/test_comum.py

pesquisa/swe-justo/: PRE-REGISTRO.md, codificar.py,
exp006_swe_justo.py, exp007_prequencial_denso.py,
mosca_densa.py; 7 tests in tests/test_mosca_densa.py

pesquisa/exp003_continuo.py, exp004_graduado.py

pesquisa/xadrez/: two pre-registrations,
experimento.py, experimento_v2.py, two result JSONs
pesquisa/conectoma/: PRE-REGISTRO.md, extrai.py,
circuito.py, experimento.py, resultado. json,
resultado-linha-como-aresta. json
pesquisa/atencao/: PRE-REGISTRO.md, experimento.py,
resultados/exp005. json; 5 tests in
tests/test_atencao.py

aplicacoes/fotos/: dados.py, experimento.py,
estresse.py, resultados. json,
resultados-estresse. json; 12 tests in
tests/test_fotos.py; thumbnails rebuilt by dados.py
from the manifest, not shipped

pesquisa/clones/: PRE-REGISTRO.md,
RESULTADO-2026-09-27 .md, extrair.py, codificar.py,
experimento.py, resultados/exp009. json,
exp009.predicoes.npz

pesquisa/anel/: PRE-REGISTRO.md, verificacao.py,
experimento.py, relatorio.py,
parecer_comparadores.py, testar_fb_mod.py;
resultados/registro.json, R_por_sequencia.npz (all
As recomputable in seconds)
pesquisa/xadrez-espacial/: six pre-registrations (one,
fluxo-continuo, never run) and five results, plus the
revision pair PRE-REGISTRO-REVISA0-2026-09-27 .md /
RESULTADO-REVISAO-2026-09-27 .md;
modelo_espacial{,_v2,_v3}.py,
experimento_escala{,_v2}.py, torneio_elo.py,
rl_autojogo.py, busca_alfabeta.py,
revisao_2026_09_27.py;
resultados/curva_escala{,_v2,_v3}. json,
revisao-2026-09-27. json

pesquisa/PARECER.md, VERIFICACAO.md (first article);
pesquisa/arxiv/PARECER-ARXIV-2026-09-27.md,
VERIFICACAO-ARXIV-2026-09-27.md (this manuscript);
LEDGER.md, ARTIGO.md (superseded, kept),
artigo/artigo.html; RESULTADO-SWE-SMITH.md (invalid,
kept)

3 seeds; group split by instance

commit 4c1388b24; data SHA
c250424ff4a56b5d; splits
1789/1790/1791; runs at
23f1d0a66, clean tree

10 seeds; -kcs 500,2000, seeds
100 + s

split by puzzle

commit £93c9£04b; seeds 0-4;
53 min

commit a06064412; 5 seeds

projection seed 1789; not
pre-registered

pre-registered 2026-09-23;
scripts at £faab0c2e; seed 1789;
data SHA c1dd266badf25744

commit 793c5482f; seeds 04,
calibration 100, test 424242,
bootstrap 31337 x 2,000; 116
runs

split seed 20260916; MLP
retrain seeds 0—2
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B Additional tables and the continual-learning experiment

Table 12: EXP-002, SWE-smith, prequential protocol, 49,773 items grouped by instance, 3 seeds,
MCC (standard errors < 0.03 omitted). LOO oracle +0.841.

exposure band fly (MB) no KC hash table 1-NN  logistic

never seen +0.212  +0.240 —0.012 +0.202 +0.268
seen once +0.249  40.288 +0.936 +0.789 +0.368
seen 1-3 X +0.257 +0.294 +0.874 +0.767 +0.379
all +0.267  40.290 +0.590 +0.587 +0.371

EXP-003 (digits, 8 x 8, 10 classes, five two-class tasks in sequence, dense 64-d input, 10 seeds) was
pre-registered with two thresholds: freezing wins if it reduces forgetting by > 10 pp, and the KC
layer is useful if the no-KC arm is > 5pp worse. Both passed (forgetting reduction +86.4 pp; KC
contribution +26.4 pp, CI £3.8; encoder alive, Jaccard 0.389 within vs 0.258 between classes) and
the interpretation fell when the diagonal of the task matrix was inspected (Table 13): the frozen
model stops learning, and the no-KC arm freezes 87.5% of its units on task 1 and scores zero on
every later task with “0.0% forgetting”. Because the ablation is degenerate, the +26.4 pp is not
evidence that the KC layer helps. Graded protection (n/(1+ X - use)) retains plasticity (diagonal
97.9%) and halves forgetting (36.5%) at 2,000 KCs, A = 10, but no configuration met the joint
criterion (diagonal > 70% and forgetting < 20%). The verification found this table had no ledger
record (re-execution reproduced 18 of 18 cells) and that the freezing rule implemented (protect the
KCs that participated in a task) differs from the FlyModel rule as summarised in the program’s
review (freeze all KC—MBON weights except those of active KCs; Shen et al., 2023); the
discrepancy is recorded, not resolved.

Table 13: EXP-003, class-incremental continual learning, 10 seeds; “diagonal” is accuracy on each
task right after training it (seed 0).

arm final accuracy forgetting  diagonal (%)

MB with binary freezing 46.8 + 3.2% 05+02% 99-61-38-16-18
MB without freezing 29.6 £5.0% 86.9+6.4% 99 - 100 - 100 - 99 - 98
no KC (ablation) 203+06% 00+01% 98-0-0-0-0
online SGD 232+25% 945+32% —

C Whole-brain dopamine

The MB extract of FlyWire v783 labels 331 neurons as DANs. The complete connectome’s
neurotransmitter prediction gives 584 dopaminergic neurons of 139,255 classified (da_avg 0.34-0.98,
median 0.72); 285 of the 331 extract DANs (86%) are among them, and 299 of the 584 (51%) lie
outside the MB extract. Of their 495,583 synapses, 115,297 (23.3%) are in MB compartments; the
largest single regions are the right anterior ventrolateral protocerebrum (41,421; 8.4%) and the
fan-shaped body (39,687; 8.0%), and the ellipsoid body is not in the top fifteen. The 584 span 114
named types (PAM 261, PPL 24, PPM 12; the rest include central-complex columnar types, PENp
45 and PFR 17, and 60 eye_bristle mechanoreceptors that are a probable false positive of the
prediction, reported rather than pruned). The single global dopamine of the MB models is therefore
a strong simplification: at least 114 DAN types, three destinations of comparable weight, and more
than half of the fly’s dopaminergic neurons outside the modelled circuit.

Data availability

Code, the run ledger, pre-registrations, result files, fontes.md, and the four review files
(PARECER.md and VERIFICACAO.md on the first article; PARECER-ARXIV-2026-09-27 .md and
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Table 14: Remaining errors caught during the program (continuation of Table 10).

error (with the number it produced)

detector

rule

Row split with 3.7 trajectories per instance: a
dictionary on instance_id scored 40.374;
59.6% of test instances were in training

Dead encoder: 93.5% of active KCs had one
active claw (0.09 active inputs per KC)
Process-salted hash(): +0.296, +0.297,
+0.282, 4+0.274 were four networks
Stream-shift test with a zero ceiling by
construction (P(y'|z) = %)

Three single-quantity metrics gamed in one
day: F1 (F1 0.550 at 38% accuracy), “recover
80% of own level”, forgetting reduction
(+86.4pp with diagonal 99/61/38/16/18)
Subset preview: KC contribution +0.081 on
6,000 lines, —0.023 on the full file

Six configurations (18 cells) with no ledger
record (EXP-004)

Column labelled “IC95” was the min—max
across seeds

Literature mechanism paraphrased inverted
(freeze recruited vs freeze non-active KCs)
Front-end search with fixed regulariser
measured regularisation, not capacity (4+0.124
vs +0.203)

Optimum on the grid edge

z-score inherited from an upstream stage
applied before a cosine baseline (SVD baseline
0.365 vs 0.502 without it)

Calibration on puzzle positions
under-predicted tournament time by 2x
(17,301 s)

the trivial baseline; the LOO oracle
(+0.841)

ablation: removing the KC layer
changed MCC by 0.013
non-reproducible reruns

analytic check of the trigger (167 of
200 hashed characters were

boilerplate)
MCC; the task-matrix diagonal

running the full file

numeric verification; re-execution
reproduced 18 of 18

numeric verification
numeric verification

noticing that nkc is the readout’s
parameter count

exploratory extension on validation

only
raw-cosine extra arm

running it

group split; lookup on the key as
leakage sentinel

encoder diagnostic before the
learner; blocking ablation
CRC32; explicit seeds;
PYTHONHASHSEED

print the ceiling; script deleted

joint criteria with a floor on each
quantity

never conclude from a subset of a
blocked file

one versioned ledger (five divergent
copies and two unrelated “EXP-005”
had accumulated)

label ranges as ranges

flagged; unresolved

joint search; run discarded whole

reported as exploratory; post-hoc
wins recorded, not counted

the reference cosine is on the raw
vector; standardise only upstream
of the KC layer

calibrate on the distribution that
will be run

VERIFICACAO-ARXIV-2026-09-27.md on this manuscript) ship as ancillary files (anc/) of this

submission. The FlyWire connectome is available from FlyWire Codex; SWE-smith trajectories
from the SWE-bench project; Lichess puzzles from the Lichess open database; BigCloneBench in its
CodeXGLUE form from the Hugging Face hub; the product photographs are the author’s catalogue,
and the thumbnails are rebuilt by dados.py from the manifest and are not shipped.
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