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Supplementary Information949

A FIB-19 synapse center-of-mass superclusters B FIB-25 synapse center-of-mass superclusters

C FIB-19 Mi10 cell and synapse projections D FIB-25 T4a cell and synapse projections

Supplementary Figure 1: (A) FIB-19 synapse center-of-mass superclusters. The clusters form two strata in the medulla
(ME), and in the lobula (LO) and lobula plate layers (LOP, 1-4) additionally. Each dot corresponds to the center-of-
mass of all synapses belonging to the super-cluster. Typically, each diverging arborization of a cell becomes a distinct
location, which helps our probabilistic model to project 3D positions of synapses into retinotopic 2D planes, despite
the lobula having a different spatial orientation (perpendicular) than the medulla and lobula (Fig. 1a and c). (B) FIB-
25 synapse center-of-mass superclusters. The clusters form two strata (ME) in the medulla. (C) Mi10 cell type in
FIB-19 with no pre-annotated lattice positions. The seven cell specimen (hexagons) are recovered by our probabilistic
algorithm. Individual synapses and synapse center-of-mass projections are superimposed. (D) T4a cell type in FIB-25
with eight pre-annotated (an) and two recovered (al) lattice positions. The projected synapse positions show directional
displacement consistent with the direction selectivity of T4a cells (Fig. 3a).
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Supplementary Figure 2: Statistics of derived connectome. (a) (left) Half of the 65 cell types receive input from
more than ten other cell types, while the other half receives input from less than ten. (right) Half of the 65 cell types
project onto more then six other cell types, while the other half projects onto less than six. (b) (left) Half of the 65
cell types receive input from 21 up to 200 cells, while the other half receives input from less than 21 cells. (right)
Half of the 65 cell types project output onto 20 up to 200 cells, while the other half projects output onto less than 20
cells. (c) Half of the connections are characterized by less than 1.6 synapses while the other half are characterized by
1.6 up to hundreds of synapses. (d) A pair of presynaptic and postsynaptic cell type is connected by 5.5 synapses in
half of the cases and by more than 5.5 up to hundreds in the other half of the cases. (e) (left) Half of the 65 cell types
receive input from less than 93.6 synapses and the other half between 93.6 to 400 synapses. (right) Half of the 65 cell
types project less than 55.9 synapses and the other half projects between 55.9 to 600 synapses. (f) Separating (e) into
excitatory and inihibitory synapses, (left) we see that half of the 65 cell types receive excitatory inputs from less than
52.3 synapses and the other half from 52.3 to hundreds. Half of the 65 cell types receive inhibitory inputs from less
than 39.2 synapses and the other half from 39.2 to hundreds. (right) Half of the 65 cell types project less than 22.1
excitatory synapses and the other half from 22.1 to hundreds. At least half of the 65 cell types project no inhibitory
synapses and the rest project between zero to hundreds.
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Supplementary Figure 3: Statistics of learned parameters of best 20% models vs. worst 20% models. (a) Task-
optimized resting potentials. (b) Task-optimized time constants. (c) Task-optimized filter scaling factors.
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Supplementary Figure 4: Motion tuning predictions for T4 and T5 subtypes to preferred and null contrast edges
in the task-optimal model.
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Supplementary Figure 5: T4 motion detection mechanisms.
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Supplementary Figure 6: T5 motion detection mechanisms.
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Supplementary Figure 7: Contribution of all decoded cell types to the motion detection task. (a) Direction selec-
tivity indexes for each decoded cell type and each model from the ensemble of 50 models. (left) Direction selectivity
indices from responses to moving ON-edges. (right) Direction selectivity indices from responses to moving OFF-
edges. (b) Task error increase if all respective decoded cell responses are replaced by their cell type’s spatio-temporal
averages to the naturalistic input at the decoding stage. This measures the cell type’s contribution to the motion detec-
tion task. As a baseline, the left-most column shows the per model task error increase if all decoded cell responses are
replaced by their cell type’s spatio-temporal averages, i.e. no motion can be detected. The decoder attends primarily
to the ON-motion selective T4 cell types.

Supplementary Figure 8: Investigating the role of sparse connectivity with synthetic networks for MNIST hand-
written digit recognition. (a) Median hidden-layer response correlation as a function of synthetic network connec-
tivity percentage for task and connectome constrained models that had access to only connectivity information but
not connection strength. (b) Median hidden-layer response correlation as a function of synthetic network connectivity
percentage for task and connectome constrained models with access to noisy estimates of connection strength (multi-
plicative noise levels of � = 0.1,� = 0.25, and � = 0.5, respectively). Connectome constrained models were task
optimized with a soft (L2) constraint with the noisy connectome measurements.
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Supplementary Note 1. Probabilistic model for automatic construction of950

connectome951

The EM-datasets primarily contain the lamina projections, medulla (FIB-25), lobula and lobula plate (FIB-952

19) cells, and the important cell types of the primary motion detection circuit (T4, T5). In total, they contain953

1801 neurons (702 from FIB-25 and 1099 from FIB-19), with hand-annotated positions available for 830954

of these neurons (SI Figure 1). To accurately localize the remaining neurons and synapses and to derive955

cell-type connectivity (Fig. 1b), we build a probabilistic expectation maximization algorithm that takes956

synaptic connection statistics, projected synapse center-of-mass clusters and existing column annotations957

into account. We verified the quality of our reconstruction, concluding that even in the absence of 90% of958

the hand-annotations available to us, we could accurately position the majority of the neurons in our circuit959

reconstruction (SI Table 1, SI Figure 9). In the absence of ground-truth annotations, we verified the quality960

of our reconstruction by the recovery and consistency rates (Table 1). The recovery rate is defined as the961

ratio of reference positions successfully recovered by our algorithm after removing a random proportion of962

reference positions from the data. For each 10% of the reference positions removed, on average, only 2.5%963

are not correctly recovered. The consistency rate is defined as the fraction of neurons obtaining the same964

position between evaluations of the algorithm starting with a different fraction of reference positions. For965

each 10% of the reference positions removed, on average, an additional 3.9% of neurons are not consistently966

estimated. We found that even just 10% (83 positions) of the available ground truth was sufficient to robustly967

position the majority of the neurons (64.3%, 534 positions) into the correct columns, and annotate 48% (865968

neurons) perfectly consistent.969

Probabilistic expectation maximization for unassigned neurons. Each neuron is either annotated in970

the dataset (in K), assigned to a position (in A) by our algorithm, or still under evaluation (in set U ).971

Iteratively, the EM-expectation step updates the normal distribution (µs,t,(y,x), �s,t,(y,x)) of expected synapse972

counts between neurons, while the EM-maximization step updates the positions (y, x) of all neurons not yet973

assigned to a column (set U ).974

Synapse center-of-mass as a neuron column position proxy. For offset assignment, we take the center-975

of-mass of all synapses belonging (pre- or postsynaptic) to a neuron into account. These are generally976

a more useful hint than the physical location of the cell body, as the cell bodies are mostly positioned977

on the side of the neuropiles, and not near the column to which the neuron belongs to, but most cells978

have a majority of synapses in close proximity to their own column. Since many neurons span more than979

one layer in a neuropile, or even multiple neuropiles, we first group all synapses per neuron into clusters,980

and then assign the center-of-mass of these clusters to one of up to N = 5 super-clusters (approximately981

matching the medulla, lobula and lobula plate). Clustering is done via k-means with the ideal number of982

clusters determined by silhouette scores. The super-clusters allow to project 3D synapse coordinates onto a983

retinotopic 2D hexagonal lattice with a simple projection and affine transformation.984

Hybrid cost-model for neuron-position likelihood estimates. Prior knowledge about the normal dis-985

tribution (µs,t,(y,x), �s,t,(y,x)) of expected synapse counts between neurons from existing annotations is986

required to express the probability of any cell specimen c to be located at position (y, x). This metric cor-987

relates a neuron to all pre- and postsynaptic neurons it is connected to, of which some already have a fixed,988

known position. Thereby, the neighbouring neurons with known position (in K and A) contribute to stabilize989

the probabilities of unassigned neurons (in set U ). For columnar, spatially repeated neurons, we can also990
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assume that only one neuron per position is present. This prior rapidly discounts the number of possible991

positions an unassigned neuron can have, each time another neuron becomes assigned (moves from U to A).992

Fusion of separately evaluated datasets. Since FIB-19 and FIB-25 are evaluated separately, we have to993

combine the estimated parameters of both models to a single, coherent model. The datasets overlap partially,994

in terms of the neurpoiles and cell types covered, and our method therefore fuses the model by always taking995

the larger estimated parameter.996

µs,t,(y,x) = max(µFIB-19
s,t,(y,x), µ

FIB-25
s,t,(y,x)) (7)

This method of model fusion only underestimates the number of synapses between two neurons if they have997

connections in two different neuropiles, and if each neuropile is exclusively covered by only one dataset.998

Pruning spurious synapses. Some automatic annotations, which are not proof read in the FlyEM DVID999

data, contain a large number of autapses per neuron on most neuron types, arising from wrongly de-1000

tected synapses in the cell bodies themselves. Additionally, there are many statistically insignificant single1001

synapses left from the assignment algorithm. We imposed the following additional filter on our estimated1002

model parameters, to remove both autapses and spurious connections with less than one synapse on average.1003

µs,t,(y,x) =

8
><

>:

; if s = t ^ (y, x) = (0, 0)

; if µs,t,(y,x) < 1

µs,t,(y,x) otherwise
(8)

Finally, neuron types without connections and synapses with either missing target or source can be removed.1004

The resulting mean synapse counts µs,t,(y,x) form the convolutional filters for our simulation.1005

Reference positions 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 average
Recovery rate 0.870 0.849 0.820 0.807 0.790 0.754 0.730 0.707 0.669 0.643
Recovery rate delta 0.020 0.029 0.013 0.017 0.036 0.024 0.023 0.039 0.025 0.025
Consistency rate 0.790 0.728 0.701 0.682 0.638 0.609 0.552 0.546 0.480
Consistency rate delta 0.062 0.027 0.019 0.044 0.029 0.057 0.006 0.066 0.039

Table 1: Recovery and consistency of columnar cell position estimation.

Pos. removed [%] 0 10 20 30 40 50 60 70 80 90 100
Reference positions 830 747 664 581 498 415 332 249 166 83 0
Combined 1801 1459 1305 1346 1248 1152 1229 1081 972 944 0
FIB-25 702 592 573 566 538 509 491 464 445 399 0
FIB-19 1099 867 732 780 710 643 738 617 527 545 0
Combined (annotated) 721 708 694 684 658 643 626 576 566 499 0
FIB-25 (annotated) 393 387 379 375 360 353 339 307 304 272 0
FIB-19 (annotated) 328 321 315 309 298 290 287 269 262 227 0

Table 2: Results of the probabilistic model construction.
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Supplementary Figure 9: Results of the probabilistic model construction.
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Supplementary Note 2. Manually constructed connectome components1006

Lamina and ommatidia model Since neither FIB-19 nor FIB-25 contain the connections of the omma-1007

tidia or first neuropile, the lamina [89, 90], we reused and refined the existing hand-crafted model from our1008

previous work [91], which is based on data from Rivera-Alba et al. [92] and Tuthill et al. [93, 94].1009

Non-columnar single CT1 cell model While we did in general not model any neurons with large tan-1010

gential branches, such as Mt, Mt, Pm, Dm, which span many columns and are therefore insufficiently seg-1011

mented in FIB-19 and FIB-25, we did model the single CT1 cell present in the lobula CT1(Lo1) and medulla1012

CT1(M10) [95]. Because a multi-compartment model with bidirectional electrical synapses resulted often1013

in oscillatory dynamics in earlier modeling attempts and because CT1 terminals were found to act as func-1014

tionally independent units [96] we modelled CT1 as two anatomically separate cell types CT1(Lo1) and1015

CT1(M10).1016

Non-columnar periodic cells Because lamina-wide-field neurons, Lawf1 and Lawf2, do not occur in each1017

individual column but more sparsely, we modeled them with an inferred spatial stride to occur more sparsely1018

resulting in 123 cell of each type in our model (there are approx. 140 Lawf2 neurons per optic lobe, and1019

each of approx. 700 columns is innervated by approx. 5 Lawf2 cells [94]).1020

Hexagonal lattice rendering of connectome For compilation into the hexagonal grid, the convex hull of1021

the filters is filled with ones to remove spatial discontinuities. Although these are considered mostly false1022

positives from the connectome reconstruction [97], this allowed for weak autapses in our hexagonal model1023

that did not affect the tuning predictions.1024

Additional proofreading We manually proofread filters on the hexagonal lattice and compared them to1025

the reported filters in the literature to ensure overall correspondence. We found that the reconstruction did1026

not fully capture the asymmetry reported in [90] of the T5 anatomical receptive field of Tm9, which we then1027

substituted by a Gaussian at the reported offset column scaled by the reported number of input synapses. For1028

few T4 and T5 inputs the number of input synapses reported in the literature[90] slightly deviated from our1029

reconstruction. To get a better initialization of our filter scale we scaled them to closely match the number1030

of input synapses reported[90].1031

Supplementary Note 3. Model predictions agree with experimental mea-1032

surements of neural activity across 26 studies1033

We compared simulated model responses for each cell type to experimentally reported responses. We found1034

that the 10 models which achieved the best task performance predict neural responses in consensus with1035

experimental measurements across 26 studies[88, 96, 98, 99, 100, 101, 102, 103, 104, 105, 106, 107, 108,1036

109, 110, 111, 112, 113, 114, 115, 116, 117, 118, 119, 120, 121].1037
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Supplementary Note 4. Models predict motion tuning for TmY31038

Amongst models with the best task performance, TmY3, TmY4, and TmY18 are often ON-motion selective1039

(Fig. 2c). As these neurons have yet to be experimentally characterized, we analyzed these prediction in1040

our models. Since TmY3 neurons do not receive inputs from other known motion selective neurons, we1041

were intrigued by the possibility that they might directly compute a motion signal and possibly constitute a1042

parallel pathway to the well-known T4 and T5 neurons. In contrast, TmY4 and TmY18 cells receive inputs1043

from T4 cells, potentially inheriting their motion tuning.1044

In the model ensemble, we found four distinct clusters for TmY3 (Fig. 4b). In the task-optimal cluster1045

(circular marker) TmY3 responds to ON-edges from front to back or downwards (Fig. 4c). In contrast, in1046

the second cluster (triangular marker), TmY3 is not direction selective. In the third cluster (square marker)1047

TmY3 is direction selective to ON-edges moving from the back to the front. In the fourth cluster (star1048

marker), TmY3 is, again, not direction selective. Together, the ensemble suggests ON-motion sensitivity for1049

TmY3, but different clusters disagree in their predictions for direction and contrast selectivity.1050

In our connectome data, the strongest input elements of TmY3 by number of synapses are L4, L5, Tm2,1051

Tm3, Mi1, Mi9, and Mi4 (Fig. 4d and e). While none of these input neurons are motion-selective, the1052

asymmetries in their connectivity to TmY3 might allow it to detect motion. We asked if we could better1053

constrain our predictions by asking which clusters also predicted the correct preferred contrast for these1054

input neurons. We found that the first model cluster (Fig. 4b, circular marker), in which TmY3 is tuned1055

to front-back or downwards motion, most accurately captures the known contrast selectivity of all TmY31056

input cells (Fig. 4f). In contrast, all three other clusters fail to consistently capture the OFF-selectivity of1057

Mi9. Thus our model proposes TmY3 as a novel candidate motion detector independent of the well-known1058

T4 and T5 motion pathways with the putative mechanism for the task-optimal cluster shown in Extended1059

Data Fig. 5. Examining the mechanism of direction selectivity, we find null direction suppression but no1060

preferred direction enhancement, consistent with previous experimental findings for T4 [88] and T5 [115].1061
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Supplementary Note 5. Investigating the role of sparse connectivity with1062

synthetic networks for MNIST digit recognition1063

Training feedforward synthetic networks The weight matrix for each layer in Dale’s-law-based syn-1064

thetic networks (DLTrues) is decomposed into three components: binary adjacency matrix, non-negative1065

weight magnitudes, and a sign vector.1066

WDLTrue = CDLTrue �WDLTrue � [1⌦ sDLTrue] ,

where CDLTrue = binary adjacency matrix,
WDLTrue = non-negative weight magnitudes of true network,

sDLTrue = sign vector

By means of projected gradient descent, WDLTrue is enforced to be non-negative and is initialized from the1067

absolute value of the He initialization distribution [122]. Although sign vector sDLTrue is randomly initial-1068

ized with equal probability to be either -1 or +1 to represent inhibitory and excitatory synapses respectively,1069

its elements are allowed to assume values in R over the course of training.1070

Inducing sparsity Binary adjacency matrix CDLTrue is initialized to be a unit matrix and is later updated1071

according to the desired true network connectivity level. Following the LTH algorithm, a portion of the1072

lowest-magnitude weights, designated to be pruned, were identified from WDLTrue � [1⌦ sDLTrue]. For1073

pruning synapses, the corresponding entries in the adjacency matrix CDLTrue were then set to zero. After1074

each pruning iteration, weight magnitudes were reset back to their original initialization, followed by a final1075

training run post-pruning.1076

Training with/without sign constraints In addition to a Dale’s-law-based sign constraint, we also exper-1077

imented with networks trained without any sign constraint. No restrictions were imposed on the nature of1078

outgoing synapses i.e., a neuron can have both excitatory and inhibitory outgoing synapses. For true net-1079

work variants trained without a sign constraint, 1⌦sDLTrue was simply replaced by a sign matrix SnonDLTrue1080

initialized in a similar fashion; that is, all entries were initialized to be in {�1,+1} with equal probability.1081

We will refer to true networks trained without a sign constraint as nonDLTrues.1082

WnonDLTrue = CnonDLTrue �WnonDLTrue � SnonDLTrue,

where CnonDLTrue = binary adjacency matrix,
WnonDLTrue = non-negative weight magnitudes of true network,
SnonDLTrue = sign matrix

Training simulated networks As elements in a true network’s sDLTrue or SnonDLTrue are allowed to1083

assume values in R while training, only the signs of these elements are inherited by the true networks’s1084

respective simulated network.1085
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WDLSimulated = CDLTrue �W 0
DLSimulated �

⇥
1⌦ s0DLTrue

⇤
,

where CDLTrue = binary adjacency matrix from corresponding DLTrue,
W 0

DLSimulated = non-negative weight magnitudes of simulated network,
s0DLTrue = signs of elements in sDLTrue

WnonDLSimulated = CnonDLTrue �W 0
nonDLSimulated � S0

nonDLTrue,

where CnonDLTrue = binary adjacency matrix from corresponding NonDLTrue,
W 0

nonDLSimulated = non-negative weight magnitudes of simulated network,
S0
nonDLTrue = signs of elements in SnonDLTrue

Extended Data Fig. 8 A shows median hidden-layer tuning correlations for networks trained with and with-1086

out Dale’s law sign constraint for three different architectures.1087

Training simulated networks that had access to weight magnitudes Three levels of multiplicative noise1088

� = 0.1, 0.25, 0.5 were explored, inducing low-noise, medium-noise, and high-noise weight estimates,1089

respectively. Each noise level represents the maximum percentage by which a weight magnitude could be1090

perturbed.1091

WSimulated Init = X �WTrue,

where Xij = Uniform(1 � �, 1 + �)

Simulated networks were trained with a Gaussian prior on the weights centered around the noisy initializa-1092

tion. In effect, this additional loss term penalizes trainable weights for deviating from their noisy initializa-1093

tion.1094

Lweight prior = Lcross entropy + �
X

[WSimulated �WSimulated Init]
2

Extended Data Fig. 8b shows median hidden-layer tuning correlations for networks with low-, medium-,1095

and high-noise weight perturbations.1096
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