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Abstract

Embodied intelligence requires effective control as environments, movement
demands and body morphologies change. Biological nervous systems support
such adaptability through highly structured connectivity, yet whether evolved
neural wiring itself confers a computational advantage remains unclear. Here we
use the adult Drosophila brain connectome as a fixed recurrent structural prior
for closed-loop embodied control. In a neuromechanical digital fly, connectome-
based and multilayer-perceptron controllers perform comparably during nominal
locomotion but diverge as control demands change. Across vertical terrain nego-
tiation, lateral direction turning and longitudinal speed modulation, the connec-
tome exhibits a consistent advantage, improving obstacle negotiation and speed
tracking while supporting smoother directional reconfiguration. Mechanistic
analyses reveal spontaneous recruitment of behaviourally relevant sensorimotor
pathways and distinct local policy geometry associated with robust adaptation.
The same connectome prior improves locomotion after transfer to a quadrupedal
body and outperforms representative artificial controllers in maze navigation,



with its advantage widening as maze complexity increases, while remaining
effective across two-, three-, four- and six-legged embodiments. These results
identify adaptability as a functional advantage of connectome structure and estab-
lish evolved neural wiring as a transferable prior for adaptive embodied control.”

Keywords: embodied intelligence, connectome, locomotion control, adaptability

1 Introduction

Intelligence is expressed through a body. Animals continuously transform sen-
sory and internal states into actions through closed-loop interactions among neural
circuits, biomechanics and changing environments [1-3]. Locomotion makes this
coupling especially explicit, requiring an agent to coordinate many degrees of control
while continually adjusting where to move, how fast to move and how to inter-
act with the surrounding physical world. Biological nervous systems are naturally
evolved controllers whose defining strength is adaptability: effective behaviour is
maintained as these demands change. Artificial agents can now acquire impressive
motor skills, including agile locomotion over challenging terrain [4—7], but such
capabilities commonly rely on controllers optimized for particular bodies and train-
ing distributions, often supplemented by extensive domain randomization, explicit
adaptation mechanisms or morphology-specific designs. Understanding how evolved
neural wiring supports adaptable embodied control across changing environments,
movement demands and body morphologies is therefore a shared challenge for
neuroscience and embodied intelligence.

Connectomics provides an unusually direct route to the neural organization
underlying embodied control. Synapse-resolution reconstructions have progressed
from the complete larval Drosophila brain [8] to the adult brain [9], the adult
ventral nerve cord (VNC) [10], and, most recently, an integrated brain-cord con-
nectome spanning sensory input to motor output [11]. These datasets now support
executable models in which measured biological wiring explicitly constrains com-
putation. Connectome-constrained networks can reproduce neural responses of the
fly visual system [12]. Whole-brain models based on synaptic connectivity and neu-
rotransmitter identity can predict sensorimotor transformations underlying feeding
and grooming [13]. Also, increasingly realistic neuromechanical platforms enable
closed-loop simulation of sensory processing, navigation and whole-body locomo-
tion in digital flies [14, 15], and recent work has instantiated the adult fly connectome
itself as a trainable locomotor controller [16]. These advances establish that connec-
tomic organization can support functional computation and embodied behaviour, but
leave unresolved what advantage its evolved neural wiring confers.

We hypothesize that this advantage lies in adaptability. The fly nervous system
embeds local sensorimotor circuits within recurrent ascending and descending path-
ways and distributed behaviour-related circuitry [10, 11], an organization well suited
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to coordinating behaviour as sensorimotor demands change. We test this hypothe-
sis by using the adult Drosophila brain connectome as a fixed, evolved recurrent
structural prior for closed-loop control of a neuromechanical digital fly (Fig. 1).
During nominal straight, constant-speed locomotion on level ground, connectome-
based and multilayer-perceptron (MLP) controllers perform comparably, suggesting
little benefit when control demands remain unchanged (Fig. 2a—d). The advan-
tage emerges across three dimensions of adaptation: vertical terrain negotiation,
lateral direction turning and longitudinal speed modulation. Across these settings,
the connectome improves obstacle negotiation and speed tracking while support-
ing smoother directional reconfiguration. Mechanistic analyses reveal spontaneous
recruitment of mechanosensory, ascending and descending pathways, together with
distinct local policy geometry under connectome-constrained control.

We ask whether this advantage extends beyond the body in which the connec-
tome evolved. Coupled to newly learned interfaces on a quadrupedal Ant, the same
fly connectome improves locomotor speed and path efficiency even on flat ground,
indicating that embodiment change alone is sufficient for a benefit to emerge. During
spatial navigation, the connectome outperforms diverse artificial controllers, with its
success advantage widening from U-Maze to Medium and Large mazes. Extending
the same prior across two-, three-, four- and six-legged embodiments further demon-
strates transfer across distinct body plans. The hexapod achieves the highest absolute
performance, consistent with its closer morphological correspondence to the native
fly body, whereas the largest relative gain emerges in the biped, the most morpholog-
ically divergent embodiment, with clear benefits also retained in other embodiments.
These results reveal adaptability as a core computational advantage of evolved neural
wiring and point to its broader potential for embodied intelligence.

2 Results

2.1 Connectome-derived recurrent prior for adaptable embodied
control

We use the adult Drosophila brain connectome as the principal substrate for embod-
ied control [9]. Its directed synaptic organization defines a fixed recurrent core, while
trainable sensory and motor interfaces map task observations into the network and
recurrent activity into actions. Recurrent connectivity is held fixed throughout learn-
ing, allowing us to isolate how biological connectomic organization shapes motor
outcomes. We later examine the larval brain [8] and the integrated adult brain-VNC
connectome [10, 11] as complementary biological comparisons.

We instantiate this controller in a closed-loop neuromechanical fly built on recent
whole-body simulation platforms [14, 15] (Fig. la, Methods). Body state, contact
information, central pattern generator (CPG) signals, and task-specific variables enter
through the learned sensory interface, while recurrent activity is mapped through
the motor interface and combined with CPG-generated stepping patterns to control
the fly’s 42 leg joints and adhesion. Body-environment interactions update proprio-
ceptive and contact feedback, closing the sensorimotor loop. This places measured
connectomic wiring within an executable whole-body control system, extending
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Fig. 1 Connectome-derived recurrent prior across locomotion demands and embodiments. a,
Closed-loop control of a neuromechanical digital fly, with the adult Drosophila brain connectome pro-
viding a fixed recurrent controller that generates reinforcement learning (RL)-based corrections to central
pattern generator (CPG)-driven locomotion in NeuroMechFly v2. Body-state, contact-force, foot-position
and height feedback close the sensorimotor loop. LF, left front. LM, left middle. LH, left hind. RF,
right front. RM, right middle. RH, right hind. b, Adaptation within the native fly embodiment. Terrain,
speed and turning vary vertical, longitudinal and lateral control demands, respectively. ¢, Transfer of the
fly-connectome prior to the Ant quadruped, followed by spatial navigation across mazes of increasing com-
plexity. d, Transfer of the same recurrent prior across substantially different body plans, including a Cassie
biped, a radial tripod, a Unitree Gol quadruped and a hexapod, with body-specific sensory and motor inter-
faces learned for each embodiment.

recent efforts to implement connectomes as functional models of neural computation
and behaviour [12, 13, 16].

The key comparison is between nominal control and adaptation. During straight,
constant-speed locomotion on level ground, Adult-connectome and matched MLP
controllers perform comparably (Fig. 2¢, flat condition), providing a baseline against
which adaptation can be assessed. We then vary the environment and movement
demand within the same body, the embodiment itself, and combinations of both to
test how the connectomic prior supports control as sensorimotor demands change
(Fig. 1b—d).

2.2 Connectome structure supports adaptability within the fly
embodiment

We first examine adaptability while keeping the neuromechanical fly embodiment
fixed. Movement demands are varied along three complementary dimensions, i.e.,
terrain, direction and speed, which probe vertical, lateral and longitudinal adaptation,
respectively.

Adaptation to vertical terrain variation.

We perturb the physical environment while preserving the fly body and its locomotor
objective, using raised blocks of increasing height to vary terrain difficulty (Fig. 2a).
On flat ground, Adult-connectome and matched MLP controllers show comparable
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Fig.2 Connectome control supports terrain adaptation and mechanosensory routing. a, Coordinate
system and block-terrain task. b, Residual variation rate normalized by residual root-mean-square (RMS)
amplitude. Violins show seed distributions. ¢, All-feet crossing success of Adult-connectome and matched
multilayer perceptron (MLP) controllers across obstacle heights after 32,768 training decisions and a 1-s
run-in (20 training seeds, 64 shared test phases per seed and height). Success requires all six feet to cross
while maintaining an upright posture. d, Paired Adult-MLP differences in crossing success with lateral
deviation additionally restricted to 1.5 mm. Grey points denote seed pairs. Flat denotes O mm. e, Cell-
class output-sensitivity enrichment at 40 ms in Adult and randomized ErdSs-Rényi (ER) controllers trained
under matched conditions (20 paired seeds). Squared output derivatives with respect to initial neural states
are normalized per cell to the whole-network mean. f, Adult sensitivity enrichment across model horizons
sampled every 10 ms. Inputs beyond 80 ms repeat the final observed window. Mechanosensory neurons
(Mech.), ascending neurons (ANs) and sensory-ascending neurons (SAs) exhibit distinct temporal profiles.
g, RMS change in policy output after graded blockade of mechanosensory outgoing signals, compared with
count-, partition- and degree-matched random controls on fixed input histories. h, Outcome-selected paired
example at 0.525 mm obstacle height. Adult crosses the obstacle, whereas MLP times out. The asterisk
marks the final Adult pose. i, Local policy-sensitivity landscapes quantified by policy Kullback-Leibler
(KL) divergence under two-dimensional perturbations around the learned policy. The two axes vary body-
velocity and joint-velocity input gains. Lines or points show 20-seed means, and shading or bars denote
descriptive 95% seed-bootstrap intervals. Asterisks denote Holm-adjusted P values from two-sided exact
paired sign-flip tests: b, * P < 0.05 (130 comparisons); g, *** P < 0.001 (6 comparisons).

control and crossing performance. As obstacle height increases, however, the Adult
controller produces smoother residual dynamics, with lower amplitude-normalized
residual variation (Fig. 2b), while maintaining higher all-feet crossing success across
increasingly challenging blocks (Fig. 2c). The same advantage persists under the
stricter requirement that successful crossing remain within £1.5 mm laterally: paired
Adult-MLP differences remain near zero on flat ground but become positive across



non-zero obstacle heights (Fig. 2d). A representative 0.525-mm trial illustrates this
behavioural separation, with the Adult controller clearing the obstacle while the MLP
advances only part-way before timing out (Fig. 2h, Supplementary Video 1).

We next examine how connectomic organization routes information during ter-
rain adaptation. Compared with randomized Erd6és-Rényi (ER) controllers trained
under matched conditions, the Adult connectome shows substantially stronger early
output-sensitivity enrichment in mechanosensory neurons (Fig. 2e). Within the Adult
controller, this influence evolves through recurrent processing, with mechanosensory
neurons, ascending neurons (ANs) and sensory-ascending neurons (SAs) exhibiting
distinct temporal profiles across model horizons (Fig. 2f). Functional intervention
further supports a privileged role for mechanosensory pathways. Graded block-
ade of mechanosensory outgoing signals produces markedly larger policy-output
changes than count-, partition- and degree-matched random blockades, with the
separation increasing as more signal is removed (Fig. 2g). Complementary analy-
ses using unit-state and activity-scaled perturbations further resolve this temporal
organization, revealing distinct enrichment and absolute-sensitivity profiles across
mechanosensory neurons, ANs and SAs over recurrent propagation (Supplementary
Fig. S1).

Adaptation to lateral turning variation.

We vary the desired movement direction while keeping the body and terrain fixed,
with signed target headings of +30°, £60° and £90° (Fig. 3a). Terminal accuracy
remains direction-dependent. Adult-connectome and matched MLP controllers show
similar errors at positive targets, whereas the MLP exhibits larger errors and greater
between-seed variability for negative targets (Fig. 3d). A clearer separation emerges
in how the turn is executed. The Adult controller reduces amplitude-normalized
command roughness by 29.9% (1.099 versus 1.568, Fig. 3b) and total command
variation by 44.6% (11.264 versus 20.342, Fig. 3c), indicating smoother direc-
tional reconfiguration with substantially less command fluctuation. A matched +60°
example illustrates this behaviour, with the Adult controller approaching and stabi-
lizing around the target while the MLP overshoots and continues to rotate (Fig. 3i,
Supplementary Videos 2,3).

We next examine how this directional reconfiguration is organized within the
connectome. Future-output sensitivity follows a temporally structured progression
across neuronal populations: mechanosensory influence is strongest at short propaga-
tion horizons, ANs remain enriched throughout, and SAs become progressively more
prominent at longer horizons (Fig. 3e). Input learning further reorganizes this path-
way. With the trained readout fixed, the learned input mapping increases relative AN
enrichment by 25.1% while reducing absolute AN sensitivity by 93.7% at 100 ms
(Fig. 3f), concentrating AN influence in relative terms while suppressing its absolute
sensitivity. Whole-turn activity provides complementary evidence, with ANs reach-
ing 1.46-fold enrichment and exceeding the input-population average in all seeds
(Fig. 3g). Functionally, cutting the connections from ANs to descending neurons
(DNs) increases mean heading error by 3.52°, compared with 1.16° after matched
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Fig. 3 Connectome control supports turning adaptation and ascending pathway recruitment. a,
Turning task at target headings of £30°, £60° and +90°. 0° denotes straight walking. All controllers
were trained with 24 paired seeds. b,c, Amplitude-normalized command roughness (b) and total command
variation (¢). Adult produces smoother commands (1.099 versus 1.568) with 44.6% less total variation
(11.264 versus 20.342). Violins show seed distributions. Large symbols and bars denote means and 95%
bootstrap confidence intervals. Asterisks denote Holm-adjusted P values from two-sided exact paired sign-
flip tests: **P < 0.01 and ***P < 0.001. d, Terminal heading error after averaging the three target
magnitudes within each signed direction. Bars show mean =+ s.d. and points denote seed-level averages.
e, Future-output sensitivity across neuronal classes and propagation horizons. Mechanosensory influence
dominates at short horizons, ascending neurons (ANs) remain enriched throughout and sensory-ascending
neurons (SAs) become more prominent at longer horizons. f, Effect of input learning on AN sensitiv-
ity at 100 ms. With the trained readout fixed, learned input mappings increase relative AN enrichment by
25.1% while reducing absolute squared sensitivity by 93.7% (Holm-adjusted P < 0.001, 18 compar-
isons). Diamonds and bars show means and 95% t confidence intervals. g, Whole-turn activity enrichment
relative to matched 0° trajectories. AN activity reaches 1.46-fold enrichment and exceeds the population
average in all 24 seeds. h, Functional contribution of connections from AN to descending neurons (DNs).
AN—DN cuts increase heading error more than matched control cuts (3.52° versus 1.16°, Holm-adjusted
P < 0.001). i, Matched +60° example showing target acquisition and stabilization by Adult and over-
shoot by MLP. Shading denotes the +10° target band. j, Local policy-sensitivity landscapes quantified by
policy KL divergence under two-dimensional perturbations around the learned policy. The two axes vary
turn-feedback and central pattern generator (CPG) state input gains. Stars mark the unperturbed policies.

control cuts (Fig. 3h). These results link smoother directional reconfiguration to a
temporally organized ascending pathway.

Adaptation to longitudinal speed demands.

The third axis varies how fast the fly must move while preserving its body, movement
direction and nominal terrain. We impose ramp commands that require continuous



speed adjustment and sinusoidal commands that require repeated acceleration and
deceleration (Fig. 4a). Across 20 paired training seeds, the Adult-connectome con-
troller tracks both demands more accurately than the matched MLP. Ramp-rate error
and sinusoidal amplitude-ratio error are both significantly lower (Fig. 4b). Around
ramp onset, the Adult controller also follows the commanded speed increments more
closely (Fig. 4c). A matched ramp episode further illustrates this dynamic advantage,
with the Adult controller repeatedly adjusting its speed in closer correspondence with
the changing target (Fig. 4h, Supplementary Videos 4,5). Speed modulation there-
fore extends the connectome advantage to continuous reconfiguration of an internally
specified movement demand.

We then examine the neural organization supporting this adaptation. Future-
output sensitivity is enriched across mechanosensory neuron, AN and SA populations
with distinct temporal profiles (Fig. 4d), a pattern that extends across both acceler-
ation and deceleration (Supplementary Fig. S2). Holding target-related input fixed
reveals class-specific activity responses during acceleration (Fig. 4e), while withhold-
ing the changing target signal from individual populations shows the largest loss of
drive response for ANs, with substantial contributions from mechanosensory neurons
(Fig. 4f). Across the 20 paired models, stronger Adult advantages in target-driven
neural response are associated with larger reductions in ramp-rate error (Fig. 4g).
These results suggest that mechanosensory and ascending circuitry may serve as a
key neural substrate for continuous speed adaptation.

Convergent computational organization across tasks and connectomes.

Across all three adaptation settings, perturbation analyses reveal a convergent pattern
of reduced local policy sensitivity under connectome-constrained control. During
terrain control, joint perturbations to body- and joint-velocity input gains produce
smaller policy shifts in the Adult controller than in the matched MLP (Fig. 2i).
For speed control, matched parameter perturbations reveal a broader low-sensitivity
neighbourhood around the Adult solution (Fig. 4i), and the same tendency emerges in
turning control with the clearest behavioural improvements (Fig. 3j). Reduced local
sensitivity therefore recurs across distinct changing demands, providing a common
computational signature of connectome-constrained adaptation. This pattern concep-
tually echoes the flat-minima perspective in machine learning, where broader solution
neighbourhoods are associated with improved generalization and robustness [17, 18].

We further examine the larval brain and integrated adult brain-VNC connec-
tomes. The larval connectome supports directional turning and dynamic speed control
in the adult fly body, while the Adult connectome shows greater mean command-
aligned rotation with lower between-model variability during turning, together with
faster acceleration and deceleration responses and better preservation of response
amplitude at the higher command frequency during speed control (Supplemen-
tary Figs. S3 and S4). Extending the framework to the brain-VNC connectome
reveals a complementary role for readout location. DN readouts develop a more
structured concentration of sensitivity across input populations and depend more
strongly on brain-derived signals, whereas motor-neuron readouts depend more
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Fig. 4 Connectome control supports speed adaptation and sensorimotor pathway recruitment. a,
Ramp and sinusoidal speed-control tasks. b, Ramp-rate error and absolute sine amplitude-ratio error for
Adult-connectome and matched MLP controllers across 20 paired training seeds after 15,872 decisions.
Both errors are lower for Adult. Violins show seed distributions. Symbols and bars denote means and
95% bootstrap confidence intervals. Asterisks denote Holm-adjusted P values from two-sided exact paired
sign-flip tests: ** P < 0.01 and *** P < 0.001. ¢, Speed increments around ramp onset for the first pre-
defined case, measured in 100-ms windows and referenced to each model’s preceding 100-ms baseline.
Black markers denote target increments. d, Cell-count-normalized future-output sensitivity enrichment
across mechanosensory neurons (Mech.), ascending neurons (ANs) and sensory-ascending neurons (SAs).
e, Class-specific activity responses during acceleration relative to interventions holding target-related sig-
nals fixed. f, Loss of drive response when the changing target signal is withheld from individual neuronal
classes. g, Relationship between paired target-response and ramp-rate-error advantages across 20 model
pairs (Spearman p = 0.792, Holm-adjusted P < 0.01, 45 tested associations). h, Matched frames and
speed traces from a completed ramp episode. i, Local policy-sensitivity landscapes quantified by policy
KL divergence under two-dimensional perturbations around the learned policy. The two axes follow two
filter-normalized parameter directions. In c—f, curves, bars or points show means with 95% seed-bootstrap
intervals, and holds denote policy-internal interventions.

strongly on VNC-derived signals, with corresponding losses in closed-loop recov-
ery under regional message substitutions (Supplementary Figs. S5 and S6). These
comparisons show that developmental wiring and readout location systematically
shape connectome-constrained control, while reinforcing adaptability as a functional
advantage of connectomic organization.
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2.3 Cross-embodiment transfer of the fly-connectome prior

We next ask whether the adaptability conferred by connectome structure extends
across bodies. The adult fly connectome is retained as a fixed recurrent prior,
while embodiment-specific sensory and motor interfaces are learned anew for each
morphology, isolating the transfer of connectomic organization across changing
sensorimotor systems.

Quadruped locomotion and spatial navigation.

We first transfer the fixed fly-connectome prior to the simulated Ant quadruped,
whose four-legged morphology, actuation and body dynamics differ substantially
from those of the six-legged digital fly (Fig. 5a,b). We begin with flat-ground locomo-
tion to isolate embodiment change from additional environmental or spatial demands.
Even under this nominal setting, the connectome controller moves faster and more
directly than the matched MLP (Fig. 5b—d). Across 20 paired training seeds, mean
forward velocity reaches 1.94m/s versus 0.68 m/s, while signed path efficiency
increases from 0.701 to 0.885 (Fig. 5c,d). This contrasts with the native fly, where
the two controllers perform comparably during nominal locomotion, indicating that
embodiment change alone is sufficient for a connectomic advantage to emerge. This
stronger forward drive is accompanied by a higher failure fraction (38.6% versus
7.0%), revealing a trade-off with episode stability. Across altered floor friction, the
connectome retains its velocity advantage while also showing higher failure fractions,
reinforcing this trade-off (Supplementary Fig. S7, Supplementary Video 6).

The advantage broadens when embodiment change is combined with spatial nav-
igation. Across seven representative controllers, including the Adult connectome,
Transformer, MLP, gated recurrent unit (GRU), long short-term memory (LSTM),
Reservoir and Reservoir with readout-only adaptation (Reservoir+RO), performance
separates as maze complexity increases, with the Adult-connectome controller
achieving the highest success in both Medium and Large mazes (Fig. Se, Supple-
mentary Videos 7-9). Large-maze analyses further resolve these differences across
trajectories, speed profiles and route-complexity-stratified navigation outcomes (Sup-
plementary Fig. S8).

Focusing on the Adult-MLP comparison, success remains similar in the sim-
pler U-Maze (84.8% versus 81.5%) but increases from 44.1% to 64.2% in the more
demanding Medium maze (Supplementary Videos 10-12). The Adult controller also
maintains higher success across evaluation time budgets (Fig. 5g) and increasingly
stringent geodesic-efficiency thresholds (Fig. 5h). The separation is largest for the
most complex routes: the success-rate advantage is 14.2 percentage points for routes
requiring 3—4 turns, 12.9 points for 5 turns and 30.3 points for 6-7 turns, reach-
ing 50.6% versus 20.4% in the most complex group (Fig. 5i). Under the primary
Medium-maze evaluation, physical failures are also reduced from 15.1% to 9.2%
(Fig. 5j), while matched successful trajectories illustrate shorter and faster routes
under connectome control (Fig. 5f). The strongest gains thus emerge as navigation
requires greater directional reconfiguration.
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Fig. 5 Fly-connectome control transfers to quadrupedal locomotion and navigation. a, Fixed adult
Drosophila brain connectome coupled to learned sensory and motor interfaces for the Ant quadruped.
Additional maze inputs are omitted for clarity. b—d, Flat-ground locomotion: forward displacement (b),
cumulative signed path-efficiency distributions (c¢) and paired seed-mean forward velocity (d). e, Suc-
cess rates across U-Maze, Medium and Large mazes for seven controller architectures. Schematics below
show the corresponding maze layouts. f, Matched successful trajectories illustrating a shorter and faster
route under connectome control. Circles mark starts, stars mark goals and colour denotes elapsed time. g,
Medium-maze success as a function of time budget, with all evaluation resets retained in the denominator.
h,i, Medium-maze success above increasing geodesic-efficiency thresholds (h) and stratified by shortest-
route turn count (i). j, Physical failures across Medium-maze seed-reset combinations. Comparisons use 20
paired training seeds in b—d and g—j, and five paired training seeds in e, with 100 matched evaluation resets
per seed. Curves in b average 2,000 episodes per method. Shading denotes +1 s.d. across seed means.
Error bars and bands in ¢,d,g—i denote 95% paired-bootstrap intervals. Asterisks denote Holm-adjusted P
values from two-sided exact paired tests: *** P < 0.001 (26 comparisons).

Control across diverse embodiments.

We next ask whether cross-embodiment transfer extends beyond Ant to substantially
different body plans. The same fixed fly-connectome core is coupled to learned body-
specific sensory and motor interfaces for four simulated embodiments spanning two
to six legs: a Cassie biped, a radial tripod, a Unitree Gol quadruped and a hexapod
(Fig. 6a,b, Supplementary Videos 13-20). Within each body, connectome and MLP
controllers receive the same interaction budget and have matched trainable parameter
counts. The tasks span bipedal postural balance and multi-legged forward locomotion
under nominal and perturbed conditions, testing whether the structural prior remains
useful across distinct morphologies and control regimes (Fig. 6¢,d).
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Fig. 6 A fly-connectome prior supports robust control across diverse embodiments. a, Simulated
embodiments spanning two to six legs. b, Shared frozen fly-connectome core with learned body-specific
sensory and motor interfaces. ¢, Mean absolute lateral displacement during nominal trials for Adult-
connectome (C, solid) and MLP (M, dashed) controllers. d, Mean normalized performance across nominal
control, lateral pushes, reduced friction, policy delay, partial sensor loss and extended-duration evaluation.
e, Condition-level C—M effects corresponding to d. Open symbols denote the seven condition effects, and
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level flat-ground standing fraction over 60 s, early lateral-velocity root-mean-square (RMS) over 01 s and
reduced-friction standing duration over 20 s. g, Matched Gol snapshots from a 60-s walking trial with flat-
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Performance benefits are evident across all four embodiments, although their
magnitude varies with morphology and control demand (Fig. 6d,e). Averaged across
seven evaluation conditions spanning nominal control, physical perturbations, pol-
icy delay, partial sensor loss and extended-duration evaluation, connectome control
improves normalized performance over the matched MLP by 0.271 in Cassie, 0.151
in the radial tripod, 0.091 in Gol and 0.167 in the hexapod. The six-legged hexa-
pod achieves the highest absolute performance under connectome control, averaging
approximately 0.95 across conditions, consistent with its closer morphological cor-
respondence to the native fly facilitating transfer. In comparison, the Cassie biped
shows the largest mean improvement over its matched MLP despite representing
the greatest departure from the native six-legged body plan. The radial tripod and
Gol quadruped also show consistent gains across conditions, with the smaller mar-
gin in Gol reflecting an already strong MLP baseline. These complementary patterns
indicate that connectome structure supports adaptability across embodiment change,
enabling both high absolute performance in morphologically aligned bodies and
substantial relative gains in markedly different ones.

Beyond aggregate task performance, connectome control also improves stabil-
ity across embodiments. In Cassie, it increases flat-ground standing fraction, reduces
early lateral motion and prolongs standing under reduced friction. In a matched
reduced-friction trial, the connectome-controlled robot remains upright for 14.18s,
compared with 2.68 s for the MLP (Fig. 6f). In the radial tripod, connectome con-
trol reduces accumulated lateral displacement, heading error and late-stage lateral
drift during extended walking, with corresponding improvements in outcome com-
position and task success across evaluation conditions (Supplementary Fig. S9). In
Gol, it reduces torso tilt, forward-speed variability and heading error, and completes
a matched 60-s trial in which the MLP fails at 26.72 s (Fig. 6g). The hexapod likewise
shows reduced lateral displacement and late drift and retains the prescribed lat-
eral corridor for longer across multiple tolerance thresholds, despite both controllers
sharing the same analytic CPG (Supplementary Fig. S10). These effects extend cross-
embodiment transfer from task-level performance to sustained postural and trajectory
control.

3 Discussion

Our study identifies adaptability as a functional advantage of biological connectome
structure for embodied control. In the native fly body, connectome and MLP con-
trollers perform similarly during nominal locomotion but diverge when control must
be reconfigured across terrain, direction and speed. These behavioural advantages
are accompanied by spontaneous recruitment of task-relevant sensorimotor pathways
and a convergent reduction in local policy sensitivity across adaptation settings. The
same connectome prior remains effective after substantial changes in embodiment,
supporting locomotion and postural control across two-, three-, four- and six-legged
bodies. In spatial navigation, its advantage over representative artificial controllers
becomes more pronounced as maze and route complexity increase. Comparisons
using the larval brain and integrated adult brain-VNC connectomes further show that
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developmental wiring and circuit readout location systematically shape the result-
ing control dynamics. Across these settings, connectomic organization confers its
clearest advantage when embodied control must adapt to change.

The context-dependent advantage of connectome control helps clarify the com-
putational benefit of evolved neural wiring. Previous work has shown that measured
connectivity can constrain visual computation, reproduce whole-brain sensorimo-
tor transformations and support embodied behaviour [11-13]. Our results extend
this view by showing that biological wiring can bias learning towards adaptable
control, beyond simply providing a functional network architecture. During loco-
motion, optimization spontaneously recruits behaviourally relevant mechanosensory
and ascending pathways without prescribing which neuronal populations should
dominate the solution. The stronger dynamic responses of the adult connectome
relative to its larval counterpart are consistent with the extensive circuit remod-
elling accompanying Drosophila metamorphosis and the emergence of adult-specific
behaviours [19]. The recurring reduction in local policy sensitivity across terrain,
turning and speed further suggests that the recurrent prior shapes the geometry of
learned control as well as task-specific performance.

The transfer results extend this perspective to embodied intelligence. General-
ist robot policies increasingly aggregate experience across tasks and platforms [20,
21], yet changes in morphology, sensing and dynamics can substantially alter the
observation-action relationship on which control depends. Our results suggest an
architectural complement to scaling data and adaptation procedures in which a
reusable recurrent prior is preserved while body-specific sensory and motor interfaces
are relearned. In spatial navigation, the connectome outperforms diverse artificial
controllers, with its advantage widening as maze complexity increases, showing that
the benefit extends beyond a single architectural baseline and becomes more pro-
nounced as control demands grow. The consistently high absolute performance of the
six-legged hexapod suggests that morphological compatibility can facilitate transfer,
while benefits remain evident in substantially different bodies, including the Cassie
biped, radial tripod and Gol quadruped. Connectome structure may therefore offer
a biologically grounded route towards embodied controllers that remain effective as
bodies and control demands change.

The framework also provides a way to study biological intelligence through
behaviour. Neuromechanical simulation places measured neural structure back into
a closed sensorimotor loop, allowing anatomical organization to be perturbed
and evaluated through whole-body consequences [3, 14]. The fly connectome is
particularly suited to this approach because local sensorimotor circuits are embed-
ded within recurrent ascending and descending pathways and broader intercon-
nected populations that support integration and distributed control [11, 22-24]. In
our models, spontaneous recruitment of locomotor-related populations, pathway-
specific interventions and readout-dependent brain-VNC dependencies illustrate
how connectome-constrained embodiment can generate circuit-level hypotheses for
subsequent biological testing.
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Several limitations define the scope of these findings. Our principal connectome
is a static anatomical prior, whereas biological nervous systems adapt through synap-
tic plasticity, neuromodulation, intrinsic dynamics and structural remodelling [25—
27]. Preserving recurrent wiring while learning sensory and motor interfaces there-
fore captures only part of biological adaptability and abstracts away the developmen-
tal processes that couple nervous systems to bodies. Although our analyses implicate
sensorimotor routing, recurrent dynamics and pathway organization, the specific
structural properties responsible for the observed advantage remain unresolved.
Recurrence, sparsity, modularity and ascending-descending organization warrant
systematic dissection. Finally, all embodied experiments are conducted in simula-
tion. Physical systems introduce sensing noise, latency, actuator uncertainty and
unmodelled contact dynamics, providing a more stringent test of connectome-derived
control.

The broader opportunity extends beyond Drosophila. The fly offers a rare
combination of synapse-resolution connectivity at large scale and sufficiently rich
behaviour for embodied computational studies. Connectomic resources are now
emerging at complementary scales beyond the fly, from brain-wide mesoscale con-
nectivity in mouse [28] to synapse-resolution reconstructions of mouse visual cortex
linked to functional measurements [29] and millimetre-scale human cortical tis-
sue [30]. Comparative analyses across species, developmental stages and functional
systems may help distinguish organism-specific solutions from more general princi-
ples of adaptable computation. Translating such principles into scalable architectures
could turn connectomics from a description of biological circuitry into a source of
design principles for artificial systems that remain effective as environments, tasks
and bodies change.

4 Methods

Experimental framework. We use the Drosophila connectome as a fixed recur-
rent prior and learn interfaces that map observations to neural activity and recurrent
activity to motor commands. Simulated controllers receive body-state feedback after
each action, forming a closed loop. We vary terrain, turning and speed within the
fly embodiment, then train independent body-specific interfaces for five additional
embodiments. Gait generators, navigation modules and local feedback branches form
part of the deployed controller where specified.

Connectome construction and recurrent dynamics. We construct the princi-
pal recurrent substrate from the adult brain connectome, FlyWire materialization
783 [9, 31], which yields 138,584 neurons and 3,732,460 directed connections after
preprocessing. We retain connections supported by at least one synapse and aggregate
records by ordered neuron pair. We assign connection signs from predicted neuro-
transmitter identity, with y-aminobutyric acid (GABA) assigned negative weights
and acetylcholine, glutamate, dopamine, serotonin and octopamine assigned positive
weights. Connections without a supported neurotransmitter assignment receive zero
weight. For signed synapse count A;; from neuron ¢ to neuron j, we normalize out-

going weights as W;; = A;;/ Zé\le |A;¢|, where N is the number of neurons. Rows
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corresponding to neurons without outgoing connections remain zero, and the result-
ing sparse weight matrix W remains fixed throughout training. Recurrent dynamics
follow

ri = tanh(hy),

hyr1 = (1 —a)hg + oztanh(WTrk + Pn(Epoy) + bg)) , &
where k indexes recurrent updates, hy, is the recurrent state, ry, is its bounded activa-
tion and Oy, is the observation supplied at update k. The learned sensory projection
matrix Fy and bias by map the observation to the neuronal population selected by
the fixed input operator P,. The recurrent update coefficient « is set to 0.5, corre-
sponding to a nominal 10-ms model step and a 20-ms time constant. Turning and
speed policies repeat the current observation over four recurrent updates per 40-
ms control decision. Terrain policies instead process four successive 10-ms sensory
frames, while controllers for the additional embodiments use one recurrent update
per decision. Recurrent states are reset between episodes and initialized to zero for
deterministic evaluation.

The fixed output selector P, supplies recurrent activations to a learned motor

readout. Fly policies use 1,290 descending neurons as outputs, with 2,279 ascend-
ing and sensory-ascending neurons as inputs for terrain and 18,756 afferent neurons
as inputs for turning and speed. The 18,756 afferents comprise 16,477 sensory neu-
rons, 1,716 ascending neurons and 563 sensory-ascending neurons. Controllers for
the additional embodiments use the same 18,756 afferents together with 109 neurons
annotated as motor outputs [31].
Policy learning. Policies use diagonal Gaussian distributions with state-dependent
means and learned state-independent standard deviations. For the main fly and
additional-embodiment policies, Gaussian means are bounded as 3tanh(m/3),
where m denotes the actor output. Ant policies use unsaturated Gaussian means.
Graph readouts apply layer normalization followed by a linear output layer. Sam-
pled actions are transformed by tanh before entering the actuator interface, and
deterministic evaluation uses the transformed policy mean.

All tasks except maze adaptation use proximal policy optimization (PPO) [32],
generalized advantage estimation [33] and a separate two-layer critic with 256 units
per layer. For the main fly and additional embodiment comparisons, multilayer per-
ceptron (MLP) actors match the trainable capacity of the corresponding connectome
controllers within 0.5%. Paired architectures share critic initialization, task defi-
nitions, actuator mappings, rewards and interaction budgets. Fly rewards include
potential-based shaping [34]. Maze students instead minimize squared error between
policy means and the inverse-tanh transform of clipped teacher actions. The teacher
is absent during evaluation. Optimization and adaptation settings are provided in
Supplementary Tables S1-S3.

Neuromechanical fly tasks. NeuroMechFly v2, simulated through FlyGym and
MuJoCo [14, 35], has 42 actuated leg joints, adhesion and a six-oscillator central pat-
tern generator (CPG). Adult-connectome and MLP policies modulate a reference gait
using proprioceptive, contact, body-state and CPG feedback. All fly comparisons use
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final-budget checkpoints and matched evaluation initializations. Task interfaces and
secondary metrics are specified in Supplementary Information.

Terrain. The policy outputs six leg-specific residual corrections for block cross-
ing. 20 model pairs receive 32,768 training decisions per model, with block heights
of 0.20, 0.30, 0.45 and 0.525 mm sampled equally with £0.025-mm jitter. Evalua-
tion uses the same four heights and flat ground, with 64 shared phases per condition.
Each 1.2-s evaluation trial follows 1 s of zero-residual walking while maintaining
continuous physical state, whereas training omits this run-in. Success requires all six
feet to pass the far edge while the body-up component remains at least 0.8 for 0.1 s.

Turning. Two policy outputs modulate forward drive and differential left-right
CPG amplitude. Each trial begins with a 0° target, which switches at 0.3 s to £30°,
£60° or £90°. 24 model pairs receive 8,192 training decisions per model and are
evaluated from 20 matched initializations per target over 2 s, together with a 0° ref-
erence condition. Terminal accuracy is measured as absolute wrapped heading error.
Stable holding requires heading error within 10°, a body-up component of at least
0.8 and mean forward speed of at least 3 mm/s for 0.2 s.

Speed. Two policy outputs modulate locomotor drive and turning. 12-s training

episodes sample ramp and sinusoidal target-speed profiles with equal probability
over 8—16 mm/s. 20 model pairs receive 15,872 training decisions per model and
are evaluated on 4 fixed ramps and 4 fixed sinusoids. Outcomes include full-horizon
speed error, ramp-rate error and sinusoidal amplitude-ratio error. Missing samples
after early termination are assigned an error of 20 mm/s. Ramp-rate error is the abso-
lute difference between the commanded slope and a linear fit to the measured speed,
excluding 0.21 s at each ramp boundary. Sinusoidal fits begin at 4 s and include
an intercept, a linear trend, and sine and cosine terms at the commanded frequency.
Amplitude-ratio error is the absolute deviation of the fitted-to-commanded amplitude
ratio from one.
Ant locomotion and maze navigation. We use Gymnasium Ant-v5S and the
Gymnasium-Robotics AntMaze U-Maze, Medium Diverse and Large Diverse envi-
ronments [36, 37], all based on the same eight-actuator Ant embodiment. Locomotor
pretraining uses approximately 3.0 million PPO interactions followed by 0.2 mil-
lion stability-refinement interactions. Checkpoints are selected according to training
return, stability and velocity. Flat-ground evaluation uses 20 paired Adult and MLP
models, with 100 matched resets per model over 50 s.

Maze comparisons include Adult, MLP, gated recurrent unit (GRU), long short-
term memory (LSTM), Transformer, Reservoir and Reservoir with readout-only
adaptation (Reservoir+RO). The additional artificial architectures approximately
match the trainable capacity of the MLP. Each controller family has 20 optimization
replicates that share the specified teacher data, routing modules and source policies.
Final adaptation checkpoints are evaluated on 100 matched resets per replicate. Eval-
uation lasts 35 s in U-Maze and 50 s in Medium and Large, with success defined as
reaching within 0.45 m of the goal. Source-policy progression and routing procedures
are described in Supplementary Information.
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Signed forward efficiency is defined as net forward displacement divided by

planar path length. Success-weighted geodesic efficiency is L,/ max(L,, L) for suc-
cessful episodes and zero for failures, where L, denotes the shortest grid-route length
and L denotes the travelled path length to first goal attainment.
Additional embodiments. Cassie and Gol use public MuJoCo models, whereas the
radial tripod and hexapod use custom models [35, 38]. Cassie is trained for postu-
ral balance, while the other embodiments track forward-speed commands through
the body-specific interfaces specified in Supplementary Table S4. Rewards combine
forward progress or postural support with stability, path-following and control-effort
terms. Each architecture has 20 training replicates per body. Cassie and Gol receive
524,288 decisions per model, whereas the tripod and hexapod receive 131,072.

Final checkpoints are evaluated from 20 matched initial states under seven condi-
tions comprising nominal control, two lateral pushes, reduced friction, action delay,
observation loss and endurance. Standard trials last 20 s, while endurance trials last
60 s. For the walking embodiments, success requires survival over the full evaluation
horizon, mean net forward velocity of at least 70% of the commanded speed and max-
imum absolute lateral displacement no greater than 0.75 m. Cassie’s primary score is
the fraction of the evaluation horizon for which balance is maintained. Full-interval
Cassie success additionally requires absolute mean forward velocity no greater than
0.05 m/s together with the same lateral bound. Body-level paired scores assign equal
weight to the seven evaluation conditions.

Each lateral push lasts 0.4 s and delivers impulse Z = nm+/ghg, where n €
{0.10,0.20}, m denotes body mass, g gravitational acceleration and hq the initial
reference height. Friction is reduced to 60% of its nominal value, and action delay is
fixed at 80 ms. Observation loss removes 25% of physical-input packets over a 4-s
interval. Missing physical inputs retain their most recent values, while command and
controller-state inputs remain available.

Cell-class sensitivity and interventions. Neuronal groups are defined using FlyWire
identifiers and annotations [31]. We differentiate future bounded policy outputs with
respect to the current recurrent state while holding subsequent observations fixed.
For neuronal class G, reference population R and propagation horizon ¢, sensitivity

enrichment is )
G Y e 10y ke /Oh il

Ecql) =
ot RIS ier 10V kse/Ohiilly
where hy, ; is the ith component of the recurrent state at update k£ and y denotes the
turn command, drive command or six-component terrain residual. Ratios are com-
puted within individual windows before averaging at the model level. The reference
population comprises afferent neurons for turning and speed and all neurons for the
main terrain analyses.

Turning analyses compare the initial and trained sensory projections while keep-
ing the trained readout fixed, with each projection replayed under its corresponding
operating states. Sensitivity is evaluated over 36 shared windows per model and prop-
agation horizons of 10-300 ms, with input-learning contrasts assessed at 100 ms.
Pathway interventions remove 14,840 connections from ascending to descending

@)
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neurons beginning at 0.32 s. Matched control cuts preserve edge count and connec-
tion sign while approximately matching postsynaptic targets and weight magnitude.
Two states per direction are used to quantify the increase in mean absolute heading
error over 0.32-2 s.

Speed replays hold target-related inputs either globally or within individual

neuronal classes while updating tracking-error inputs consistently. Terrain analyses
compare 20 Adult-connectome controllers with 20 matched Erdés-Rényi (ER) con-
trollers that preserve node and edge counts, interface partitions and the signed-weight
multiset. Graded blockade scales the outgoing activation of selected neurons by 1—d,
where d € {0,0.25,0.5,1}, and compares the resulting effects with matched ran-
dom masks. Replay windows, control construction and connectome comparisons are
specified in Supplementary Information.
Local policy sensitivity. Policy Kullback-Leibler (KL) divergence quantifies local
sensitivity on fixed observation histories. Reference and perturbed policies share the
original action covariance ¥ and are initialized from the corresponding recurrent state
of the reference policy. Let pp and pg, denote the Gaussian action means under the
reference and perturbed policy parameters 6 and ', respectively. We compute

— 1
Dk = 5 (o — o) TS (o — o)) &

where X is the shared action covariance and the average is taken over evaluation win-
dows and control decisions. Terrain surfaces vary body-velocity and joint-velocity
input gains, while turning surfaces vary turn-feedback and encoded CPG-state gains.
Gains span [0.9,1.1] on a 21 x 21 grid, with all policy parameters held fixed.
Terrain axes are selected using 10 model pairs and assessed on the remaining
10, while the displayed surfaces average all 20 pairs. Turning feedback comprises
averaged yaw rate and lateral displacement, and CPG inputs are selected by screen-
ing for comparable response amplitudes. Speed surfaces instead perturb trainable
actor parameters along two random filter-normalized directions [39], with coeffi-
cients spanning [—0.2,0.2] on the same grid. Axis selection, replay sampling and
directional checks are specified in Supplementary Information.
Statistical analysis. Training or optimization replicates are the units of inference.
Episodes, conditions, observation windows, neurons and perturbation directions
are aggregated within each model before statistical testing, while paired analyses
preserve matched model identities and evaluation conditions. Unless otherwise spec-
ified, comparisons use two-sided exact paired sign-flip tests with the absolute mean
paired difference as the test statistic. Turning pathway-specificity analyses use paired
t tests, developmental comparisons use exact unpaired permutation tests, and speed
associations use permutation-tested Spearman correlations. Holm correction [40] is
applied within the analysis families defined in Supplementary Information.

Intervals are pointwise 95% unless otherwise stated and are generally obtained
by resampling models while preserving paired identities and associated conditions.
Resampling counts and interval-specific exceptions are provided in Supplementary
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Information. Behavioural failures remain in the relevant denominators, and incom-
plete kinematic windows are excluded according to matched-pair coverage without
imputation. All prespecified models are retained in the complete analysis cohorts.

Data Availability

The public data and benchmark resources used in this study are available
from their original repositories. The Drosophila connectome (FlyWire FAFB
v783) and associated neuronal annotations are available through Codex (https:
/lcodex.flywire.ai/?dataset=fafb) [9, 31]. NeuroMechFly v2 resources are avail-
able from the Harvard Dataverse (https://doi.org/10.7910/DVN/3MCEYR) [14]. The
Ant-v5 environment is available through Gymnasium (https://gymnasium.farama.
org/environments/mujoco/ant/) [36], and the AntMaze environments are avail-
able through Gymnasium-Robotics (https://robotics.farama.org/main/envs/maze/ant_
maze/). The Medium Diverse GR configuration is additionally archived in Minari
(https://minari.farama.org/datasets/D4RL/antmaze/medium-diverse-v2/) [37].

Code Availability

The implementation code, configuration files, and evaluation protocols are avail-
able at https://github.com/THU-NeuroML/FlyControl. Supplementary Videos can
be downloaded at https://raw.githubusercontent.com/THU-NeuroML/FlyControl/v1.
0.0/Supplementary- Videos.zip.
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A Implementation Details

Training settings. Supplementary Table S1 summarizes PPO settings. Policy and
value clipping thresholds are both 0.2, the value-loss weight is 0.5 and the gradient-
norm limit is 0.5, with reward normalization applied throughout. Main fly and
additional-embodiment policies use fixed observation scaling, zero-initialized out-
puts, separate gradient clipping for actor and critic, and action likelihoods evaluated
at the stored pre-squashing coordinates. Their MLP actors contain two hidden lay-
ers with exponential-linear activations. Actor and critic learning rates start at 10~4.
The adaptive actor learning rate targets KL divergence of 0.015, stops updates at
0.03 and is constrained to 10~°~10~3, with a 10~% floor during speed continuation.
Log-standard-deviation learning rates are 10~2 for fly tasks and 10~* for additional
embodiments.

The discount factor « and advantage-decay parameter A are parameterized as
v = e ATy and A = e AT where At is the decision interval and T, and T} are
the corresponding timescales. We use (T7,, Ty ) = (5, 0.8) s for terrain and additional
embodiments and (2, 0.2) s for turning and speed. Potential-based shaping subtracts
the current potential from the discounted next-state potential, with terminal poten-
tial set to zero. Microstep rewards are discounted and summed within each control
decision, and fly-task deadlines are treated as terminal. Ant observation normaliza-
tion is frozen during evaluation. Stability refinement caps rewarded speed at 2.2 m/s
and penalizes instability. Flat-ground Ant evaluation uses the native environment
dynamics and termination rules with an action scale of 0.9.

Table S1. PPO configurations.

Setting Main fly tasks Other embodiments ~ Ant pretraining
Parallel 8 4 4
environments
Rollout length 32 256 512
Sequence length 8 32 64
Optimization epochs 4 4 10
Minibatches 8 8 4 for Adult & MLP,
32 for others
Decision interval 40 ms 20 ms for Cassie, 40  Native step
ms for others
Discounting Task-specific Task-specific v=0.99,A=0.95
timescales timescales
Learning rates 1074 critic, adaptive 10~% critic, adaptive 3 X 104 base, 104
actor actor refinement

Fly interfaces and metrics. Terrain uses 50-us physics steps and 172-feature obser-
vation frames that include block height. The MLP concatenates four successive
frames. Initial tripod phase is sampled across eight bins with within-bin randomiza-
tion. The block spans forward positions of 3.0—4.3 mm, with its placement and task
coordinates updated after the run-in. Residual corrections modulate a 12-Hz gait,
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with the norm of each leg-specific correction bounded by 0.15+/3 rad and correc-
tion authority increasing from zero to full over forward positions of 1.8-2.6 mm. The
reward combines minimum-foot progress and crossing success with penalties for fail-
ure, posture deviation, lateral deviation and correction magnitude. Lateral retention
requires maximum absolute lateral displacement within 1.5 mm. Residual varia-
tion is computed by summing absolute successive changes across outputs, averaging
across output dimensions and normalizing by duration, with optional normalization
by root-mean-square (RMS) amplitude.

Turning and speed use 100-us physics steps. Turning uses 64 observation fea-
tures, including target error, timing and preceding commands. Its reward combines
heading alignment, forward progress and uprightness with penalties for rotation and
control effort. Command roughness is the RMS successive command change divided
by the centred RMS command amplitude over 0.4-2 s. Total variation sums the
Euclidean changes in policy output, including the initial change from zero. Speed
uses 51 observation features, including target speed, measured speed, tracking error
and heading. Its gait interface adjusts amplitude, duty factor and inter-leg phase, with
speed and yaw rate causally averaged over 100 ms. The reward combines speed track-
ing and uprightness with penalties for heading error, yaw motion and failure. Ramp
commands connect speed targets in the ranges 8—10 and 14-16 mm/s with slopes
of 2-8 mm/s? and durations of at least 1 s. Sinusoidal commands use amplitudes
of 2-4 mm/s and frequencies of 0.15-0.30 Hz. Training comprises 12,800 initial
and 3,072 continuation decisions, with the total budget and continuation learning-
rate floor selected in an earlier eight-pair development study. Ramp-onset increments
compare each 100-ms window with the mean speed over the preceding 100 ms.
Maze adaptation. Supplementary Tables S2 and S3 specify controller architectures
and adaptation settings. Reservoir controllers use a leak rate of 0.5, a fixed orthog-
onal recurrent matrix with spectral radius 0.9 and nonlinear readouts terminating in
linear output layers. The additional comparator families reserve four goal-coordinate
inputs during locomotor pretraining. The Adult-connectome controller retains its pre-
trained locomotor mapping and trains a residual module receiving recurrent motor
activity, body state and goal features. Other controllers update their trainable action
networks, while routing modules and fixed reservoir components remain frozen. The
Adult and MLP adaptation modules contain 89,992 and 96,008 trainable parameters,
respectively.

U-Maze adapts locomotion checkpoints using teacher trajectories followed by
teacher-labelled student rollouts, with a grid-waypoint planner supplying local goals.
Medium uses one fixed source policy per architecture, whereas Large starts from the
corresponding Medium checkpoint. Routers for Medium and Large receive the final
goal as input. The additional comparator families in Medium use U-Maze source
policies and the shared MLP router together with spatial anchors and fixed routing
rules. Large uses a single router shared across all controller families, trained with
120,000 teacher steps and 60,000 updates using walkable-cell anchors and a 0.45-
m latch radius. Burn-in steps update recurrent state before the supervised loss is
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evaluated. Applied actions follow
a; = fBsa; + (1 — Bay-1,

where ¢ indexes control decisions, a; is the action applied to the environment, a,
is the bounded student-policy output, /3 is the smoothing weight and s is the action
scale.

Deadline and efficiency-threshold curves retain all evaluation episodes in the
denominator. The Medium-maze deadline endpoint is the area under the success-
by-deadline curve over 0-50 s, normalized by the 50-s evaluation horizon. Route
complexity is defined as the number of turns along the shortest grid route. Friction
tests use ten paired Adult-connectome and MLP models at floor-friction coefficients
of 0.50, 0.75, 1.25 and 1.50.

Table S2. Maze comparator architectures.

Family Architecture Trainable components

MLP Two 256-unit rectified-linear hidden layers Action network

GRU One 128-unit recurrent layer Recurrent action network

LSTM One 108-unit recurrent layer Recurrent action network

Transformer One causal block with context length 16, Action network with learned
width 64, 4 attention heads and feedforward  positional embeddings and
width 512 no dropout

Reservoir 512 leaky tanh units with a 72-unit tanh  Input projection and readout
readout

Reservoir+RO  Same reservoir with a 176-unit tanh readout ~ Readout only

Table S3. Supervised maze adaptation.

Setting U-Maze Medium Large
Teacher steps 40,000 60,000 (shared) 60,000 (shared)
Teacher-labelled student steps 30,000 - -
Adaptation updates 10,000 per stage 5,000 5,000
Batch size 32 64 64
Learning rate 3x1074 1074 1074
Adult-connectome burn-in 8 8 8
MLP burn-in 0 8 8
Other-family burn-in 16 16 16
Observation clip bound 10 30 60
Smoothing weight 3 0.8 0.95 0.95
Connectome action scale s 1 0.8 0.8

Other-family action scale s 1 1 1
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Table S4. Body-specific motor interfaces.

Body Motor coordination Actuators Target
speed
Cassie Bilateral balance coordinates with learned 10 0 m/s
local feedback
Gol Phase-conditioned joint control with learned 12 0.8 m/s
local feedback
Tripod Phase-conditioned joint control with learned 6 0.1 m/s
local feedback
Hexapod Alternating-tripod CPG with learned joint 18 0.5 m/s

corrections and a normalized graph readout

Additional-embodiment perturbations. Controllers are trained from scratch for
each body using the interfaces in Supplementary Table S4. Inputs encode scaled
body state, joint state, preceding control and task commands. Push, action-delay and
observation-loss perturbations begin at 1 s for Cassie and 8 s for the walking embod-
iments. Kinematic analyses use windows spanning 0-1 s, pre-perturbation intervals
of 0.5-1 s for Cassie or 2-8 s for the walking embodiments, 0.4-2.4 s after pertur-
bation onset, 10-20 s, and 40-60 s during endurance evaluation. Tilt and heading
are summarized using RMS values, while speed variability is quantified by the stan-
dard deviation of successive 1-s forward-speed estimates. Path-retention duration
ends at lateral-boundary crossing or episode termination and is capped by the evalua-
tion horizon. The displayed Gol pre-perturbation metrics retain 393 of 400 matched
episode pairs.

Mechanistic assays. Fixed-history probes retain the recorded preceding-action
inputs. Relative-enrichment analyses exclude cases with zero-output initial readouts.
Turning activity is quantified as the squared per-cell activation difference between
+60° turning trials and matched 0° trials, averaged across three states per direction
over the 1.7 s following cue onset.

Speed-sensitivity analyses use early and middle windows from four accelerating
and four decelerating ramps, with matched Adult and MLP histories and propaga-
tion horizons up to 320 ms. Target inputs are held at their ramp-onset values. Signed
activity is defined as the class-mean difference between original and target-held acti-
vations. Drive loss is measured relative to the all-class target hold over 0.8-1.0 s after
ramp onset. Target-response probes apply +=1 mm/s perturbations while updating
tracking-error inputs consistently. The five predictors are target response, measured-
speed response, parameter-perturbation KL, bounded-action change and speed-input
projection gain. Associations are evaluated against three tracking outcomes within
Adult-connectome controllers, within MLP controllers and across paired architecture
differences. Response advantage is defined as Adult minus MLP response, whereas
tracking advantage is defined as MLP minus Adult error.

Randomized terrain controllers use the same training budget as the Adult terrain
controllers. Distinct non-self edges are sampled uniformly, and signed weights are
permuted without renormalization. Eight phases, five obstacle heights and both Adult
and ER controllers yield 80 shared histories per model. Sensitivity is evaluated over
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propagation horizons of 40-320 ms at 10-ms intervals, with the final sensory window
repeated beyond 80 ms. Blockade effects are quantified as the 40-ms output change
normalized by the RMS output of the intact controller. Mechanosensory and olfactory
controls use five masks per target class that are disjoint from the target population
and matched for cell count, interface partition and total-degree decile. Total degree is
the sum of incoming and outgoing edge counts, and mask effects are averaged within
each model.

Six supplementary Adult models replay 80 histories beginning at 0.12 s over
propagation horizons of 10-320 ms. Unit-state sensitivity sums squared output
derivatives across the six bounded, ungated policy outputs. Activity-scaled sensitiv-
ity weights each neuron’s squared sensitivity by the squared magnitude of its initial
recurrent state. Absolute sensitivity is defined as the per-neuron RMS output deriva-
tive, and enrichment is normalized to the 18,756 afferent neurons. Obstacle-evoked
activity is evaluated across five obstacle heights and 64 phases, with block and flat-
ground trials matched by model, phase and obstacle height. Height-cue exchanges
isolate the contribution of the cue itself. Activation differences are aligned to the
time at which the first foot reaches the front edge of the block, retaining only shared
frames and complete windows from —100 to +200 ms.

KL-surface sampling. Terrain surfaces use two-decision windows drawn from the
80 shared histories described above. Turning surfaces use 48 shared four-decision
windows per model and are averaged across all 24 model pairs. Speed surfaces per-
turb trainable actor parameters along directions normalized by the corresponding
trained matrix-row norms or, for vector parameters, by tensor norms, while keep-
ing graph weights, critic parameters and action variance fixed. Each model uses 24
four-decision windows drawn from four matched ramp and sinusoidal histories, and
the displayed surfaces are averaged across all 20 model pairs. An additional eight-
direction analysis evaluates both perturbation signs at radii of 0.05, 0.10 and 0.20.
Auxiliary analyses report unit-variance KL and changes in bounded policy outputs.
Developmental comparison. Six models per connectome control the adult fly body
through a 51-feature sensory interface and a two-command motor interface. The pro-
cessed Larva connectome contains 2,952 neurons and 63,545 connections weighted
by non-negative synapse counts. Inputs are sensory neurons, while outputs comprise
descending neurons to the subesophageal zone (DN-SEZ) and ring gland neurons
(RGNSs). Larval weights use a global scaling factor of 0.04 for turning and outgoing
row-{1 normalization for speed, whereas the Adult connectome uses outgoing row
normalization. Final-budget policies use one recurrent update per 10-ms control deci-
sion, linear readouts, a two-layer critic with 128 units per layer and 100-us physics
steps. PPO uses 16 environments, 160-step rollouts, 32-step sequences, 2 optimiza-
tion epochs, 5 minibatches, a learning rate of 10~4, v = 0.99 and A = 0.95, for a
total of 499,200 decisions per model.

Directional trials last 1.5 s and use 20 initializations per direction for each model.
Outcomes are rotation sign and net rotation aligned with the commanded direc-
tion. Speed training samples fixed targets uniformly over 8-16 mm/s for 1.5 s.
Dynamic reevaluation uses five initializations per condition for 8-to-16-mm/s and 16-
to-8-mm/s step commands and sinusoidal commands at 0.25 and 0.75 Hz. Velocity
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projected onto the initial heading is exponentially filtered with a coefficient of 0.25.
Step-response latency is defined as the time to first attain 90% of the commanded
speed change. Sinusoidal amplitude ratio and phase lag are fitted over 1-9 s.

BANC readouts and regional interventions. The Brain And Nerve Cord (BANC)
connectome covers the adult Drosophila brain and VNC [11]. The processed graph
contains 112,885 neurons and 2,672,709 directed connections, with weights normal-
ized by the sum of absolute outgoing weights. The full graph remains recurrently
active in both readout conditions. A learned projection maps 51 observations to
12,250 afferent neurons, while the readout selects either 1,312 descending neurons
or 831 motor neurons to drive a two-command CPG interface. Six models per read-
out follow the supplementary fixed-target speed protocol. Initial and trained policies
replay 32 shared step and ramp histories drawn from four controller families. Post-
switch squared drive sensitivity is evaluated at a ten-update horizon, normalized
per cell to the BANC afferent population and aggregated over 16 neuronal classes
matched by root identifiers and annotations.

Three recovery checkpoints per readout are trained for approximately 0.5 million
decisions with a 40-ms push of magnitude 10 applied at 0.75 s in simulator force
units. Nine matched states per checkpoint, comprising three initializations and three
CPG phases, receive either no push or 40-ms pushes of +10, +15 and £20. Regional
message substitution modifies each connection contribution as

Wij [(1 = fij)ri + figr?]

where f;; is the fraction of synapses on edge ¢ — j assigned to the substituted
anatomical region, 7; is the current presynaptic activation and r{ is the matched acti-
vation from the unpushed reference branch. Intervention branches share physical,
CPG and recurrent states at the point of branching. Synapse-location fractions retain
neck contributions without renormalization.

Fixed-history probes replace messages originating from the brain, VNC, VNC
interneurons, VNC interneurons projecting to descending neurons, or ascending
neurons projecting to the brain. Each checkpoint uses one reference state and six
nonzero-force branches. Action-change norms are normalized by the intact pushed-
versus-unpushed response. Closed-loop tests replace brain-derived, VNC-derived or
combined brain-and-VNC messages, or replace all observations, with their matched
unpushed references. Recovery requires survival for 0.5 s and terminal heading error
no greater than 0.25 rad. Error integrals assign 7 rad after termination, with interven-
tion effects averaged across states, push directions and push magnitudes within each
checkpoint.

Statistical details. Holm correction families include both displayed and undisplayed
contrasts. Terrain analyses comprise five success conditions, 26 secondary end-
points across five obstacle heights, blockade tests across two neuronal classes and
three nonzero blockade levels, and 45 Adult-connectome versus ER contrasts. Held-
out gain analyses comprise four axis-by-metric contrasts and two surface-metric
contrasts. Turning analyses comprise four primary and 32 secondary behavioural
contrasts, input-learning analyses across nine neuronal classes and two endpoints,
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four pathway-specificity contrasts and ten intervention-versus-intact contrasts. Input-
learning contrasts use base-2 log ratios. Speed analyses comprise three behavioural
outcomes and 45 neural-behavioural associations. The associations are tested with
19,999 random permutations together with the observed assignment.

Ant analyses comprise 26 main contrasts, including the exploratory deadline
integral, and 25 friction contrasts. Additional-embodiment scores comprise four
body-level comparisons. Kinematic analyses treat the ten endpoints prespecified
before cohort expansion separately from 3,150 exploratory comparisons across
episodes, analysis windows and nominal-control differences, including duration and
heading measures. Developmental analyses comprise 22 terrain and turning contrasts
and 20 speed contrasts.

Bootstrap analyses use 50,000 resamples for terrain behaviour and Ant, 20,000
for fly mechanistic analyses, turning command metrics, speed and BANC sensitiv-
ity, and 10,000 for the additional embodiments. Turning activity, pathway effects
and input-learning log ratios use ¢-based intervals, with geometric ratios obtained
by back-transformation. Ant displacement, seven-family maze comparisons and
developmental speed summaries report between-model standard deviations. BANC
sensitivity and regional-intervention effects are reported descriptively. For visualiza-
tion, Ant displacement and multibody lateral trajectories retain the final position after
episode termination.
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Fig. S1 Temporal organization of neuronal output sensitivity during terrain adaptation. a,b,
Per-neuron output-sensitivity enrichment across connectome-defined neuronal populations during terrain
control under unit-state perturbations (a) and activity-scaled perturbations (b), normalized to the mean
sensitivity across afferent neurons. Colours show mean log, enrichment across six independently trained
Adult-connectome controllers over propagation horizons of 10-320 ms. ¢,d, Absolute per-neuron sensi-
tivity of mechanosensory neurons, ascending neurons (ANs) and sensory-ascending neurons (SAs) under

the corresponding unit-state (c¢) and activity-scaled (d) perturbations. Lines and shading denote means and
95% bootstrap intervals across controllers.
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Fig. S2 Neural dynamics during speed adaptation. a,b, Cell-count-normalized enrichment of future-
drive sensitivity across connectome-defined neuronal populations during acceleration (a) and deceleration
(b), evaluated over propagation horizons of 10-320 ms. ¢,d, Neural-response enrichment evoked by chang-
ing speed commands during acceleration (c¢) and deceleration (d), measured relative to replay with target
speed held at its onset value. Heatmaps show mean log, enrichment across 20 Adult-connectome con-
trollers, with zero denoting the population-average response per afferent neuron.
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Fig. S3 Developmental connectome comparison in directional turning control. a, Correct-direction
fraction for Adult- and Larva-connectome controllers under left- and right-turn commands. b, Net body
rotation aligned with the requested direction. Each dot denotes one of six independently trained models
per group, averaged over 20 evaluation initializations for each direction (480 episodes in total). Horizontal
segments denote group means. Both connectomes support reliable directional control in the adult fly body,
with the Adult connectome showing greater mean command-aligned rotation and lower between-model
variability.
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Fig. S4 Developmental connectome comparison in dynamic speed control. a, Response to an 8 —
16 mm/s speed switch for Adult- and Larva-connectome controllers. The dashed line denotes the target
command. Lines and bands show mean =+ s.d. across six trained models. b, Response latency, measured
as the time to first attain 90% of the commanded speed change, during acceleration and deceleration. ¢,d,
Response amplitude relative to the target amplitude (c) and phase lag (d) under sinusoidal commands at
0.25 and 0.75 Hz. Dots denote individual model means. Horizontal bars and capped vertical bars denote
group means and s.d. Adult-connectome controllers respond faster during both acceleration and decelera-
tion and retain response amplitudes closer to the target at the higher command frequency.
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Fig. S5 Readout-dependent sensitivity organization in BANC speed controllers. a,b, State-sensitivity
enrichment across 16 input classes for BANC controllers using descending-neuron (DN) or motor-
neuron readouts, shown before and after training. Enrichment is defined as each class’s share of squared
drive-output sensitivity divided by its share of input neurons, with one denoting the population-average
sensitivity per neuron. Points denote 6 independently trained models per readout, and intervals show 95%
model-bootstrap intervals. Both readouts develop class-selective sensitivity profiles after training, with the
DN readout showing a more structured concentration of sensitivity across input populations.
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Fig. S6 Readout-dependent regional organization of feedback in BANC controllers. a,b, Normal-
ized changes in action response after replacing messages from the indicated brain and ventral nerve cord
(VNC) regions or pathways with matched reference messages, evaluated on fixed recorded observations for
BANC controllers using descending-neuron (DN) or motor-neuron readouts. ¢,d, Changes in joint survival-
and-heading recovery under the corresponding regional substitutions in closed-loop evaluations, averaged
across push magnitudes and directions. Circles denote three independently trained checkpoints per read-
out, and diamonds denote means. Brain-message substitution produces a larger normalized action-response
change for the DN readout (0.930 versus 0.076), whereas VNC-message substitution has the larger effect
for the motor-neuron readout (0.969 versus 0.128). The corresponding closed-loop substitutions reduce
mean recovery by 5.56 and 4.32 percentage points for DN-readout brain interventions and motor-readout
VNC interventions, respectively.
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Fig. S7 Forward velocity and stability across floor friction in Ant. a, Forward velocity of Adult-
connectome and matched MLP controllers across four floor-friction coefficients, summarized over 10
paired training seeds. b, Physical failure fraction for each training seed, controller and friction condition.
Connectome control maintains higher forward velocity across friction conditions while also exhibiting
higher failure fractions, complementing the flat-ground Ant results.
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Fig. S§ Navigation and performance of seven controller families in the Large maze. a, Navigation
trajectories from a matched initial state to the same goal in a 48 X 36-m maze. Model-specific colours
darken with elapsed time (0-50s), with the seven adjacent gradients following the column order. Circles
mark starts and stars mark goals. Each column shows one illustrative episode selected by registered index
(optimization seed 0, reset 9400000), without selection by outcome. b, Planar speed derived from consec-
utive position samples for the episodes in a, shown with a centred £0.5-s moving average (21 samples).
Boundary windows use only observed samples and are renormalized. ¢, Success fraction, success-weighted
path efficiency (SPL) and physical survival, stratified by shortest-path turn count. The 0-1, 2-3 and 4-6
turn groups contain 31, 42 and 27 paired resets, respectively. Colours and numbers denote means across 20
optimization seeds on a shared 0-1 scale. Physical survival does not imply navigation success. d, Overall
success across 100 paired resets per optimization seed. Large dots and error bars show mean =+ s.d. across
20 seeds per controller family. Numbers denote mean success rates in percent. All 14,000 episodes are
retained.
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Fig. S9 Directional and path stability in the radial tripod. a,b, Mean absolute lateral displacement
(a) and heading error (b) during 60-s flat-ground walking, relative to the first archived state. Heading
error is wrapped to £180°. ¢, Absolute net lateral drift rate over the final 20 s. d, Outcome composition
in 20-s flat-ground, low-friction and 60-s flat-ground trials, separating successful episodes from lateral
and combined speed-lateral failures. M and C denote MLP and Connectome controllers, respectively. e,
Task success across seven evaluation conditions. Each condition includes 20 paired training seeds and
20 matched evaluation initial states per seed (400 episode pairs). All episodes remain physically stable
and contribute throughout the corresponding evaluation horizon. Violins show episode distributions with
interquartile ranges and medians. Open MLP and filled Connectome markers denote seed means. Curves
and condition summaries show equally weighted seed means with 95% seed-bootstrap intervals (10,000

resamples).
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Fig. S10 Path stability in the hexapod with a shared analytic gait interface. a, Mean absolute lat-
eral displacement during 60-s flat-ground walking, relative to the first archived state. b, Fraction of trials
remaining physically stable without exiting the £0.75-m lateral corridor. ¢, Absolute net lateral drift rate
over the final 20s. d, Mean time to first corridor exit across four lateral tolerances, bounded by the 60-s
evaluation horizon. e, Task success across seven evaluation conditions. Both controllers use the same ana-
lytic CPG and differ in the learned control architecture. Each condition includes 20 paired training seeds
and 20 matched evaluation initial states per seed (400 episode pairs). All episodes remain physically stable
and contribute throughout the corresponding evaluation horizon. Violins show episode distributions with
interquartile ranges and medians. Open MLP and filled Connectome markers denote seed means. Curves
and condition summaries show equally weighted seed means with 95% seed-bootstrap intervals (10,000
resamples).
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