
ID: pcbi.1012986 — 2025/10/16 — page 1 — #1

PLOS COMPUTATIONAL BIOLOGY

OPEN ACCESS

Citation: Ghosh A, Nicholas S, Nordström K,
Nowotny T, Knight J (2025) Understanding the
mechanism of facilitation in hoverfly TSDNs.
PLoS Comput Biol 21(10): e1012986. https://
doi.org/10.1371/journal.pcbi.1012986

Editor: Barbara Webb, The University of
Edinburgh, UNITED KINGDOM OF GREAT
BRITAIN AND NORTHERN IRELAND

Received: March 21, 2025

Accepted: September 30, 2025

Published: October 13, 2025

Peer Review History: PLOS recognizes the
benefits of transparency in the peer review
process; therefore, we enable the publication of
all of the content of peer review and author
responses alongside final, published articles.
The editorial history of this article is available
here: https://doi.org/10.1371/journal.pcbi.
1012986

Copyright: © 2025 Ghosh et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the
original author and source are credited.

Data availability statement: Electrophysiology
data have been deposited on Figshare
https://doi.org/10.25377/sussex.28615313. The

RESEARCH ARTICLE

Understanding the mechanism of
facilitation in hoverfly TSDNs
Anindya Ghosh

 

 

1∗, Sarah Nicholas
 

 

2, Karin Nordström
 

 

2, Thomas Nowotny1,
James Knight

 

 

1

1 Sussex AI, School of Engineering and Informatics, University of Sussex, Brighton, United Kingdom,
2 Flinders Health and Medical Research Institute, Flinders University, Adelaide, South Australia, Australia

∗ anindya128@yahoo.com

Abstract
Many animals use visual motion cues to track and pursue small, fast-moving targets,
such as prey or conspecifics. In target-pursuing insects, including dragonflies and hov-
erflies, Small Target Motion Detector (STMD) neurons are found in the optic lobes and
are believed to be presynaptic to Target Selective Descending Neurons (TSDNs) that
project to motor command centres. While STMDs respond robustly to target motion –
even when displayed against moving backgrounds – TSDN target responses are mod-
ulated by background motion. Depending on whether the background motion is syn- or
contra-directional to the target motion, the response of the TSDNs is either suppressed
or facilitated (amplified). This suggests that TSDNs not only receive input from STMDs
but also from neurons sensitive to background motion, but this neural circuit is not clearly
understood. To explore the underlying neural mechanisms, we developed three candi-
date TSDN circuit models – which combine input from bio-plausible STMDs and optic
flow-sensitive Lobula Plate Tangential Cells (LPTCs) in different ways – and fitted them
to published electrophysiology data from hoverfly TSDNs. We then tested the best-fitting
models against new electrophysiological data using different background patterns. We
found that the overall best model suggests simple inhibition from LPTCs with the same
preferred direction as the STMDs feeding into the TSDN. This parsimonious mechanism
can explain the facilitation and suppression of TSDN responses to small targets, and may
inform similar studies in other animals.

Author summary
Many human sports, including tennis, football, and basketball, rely on the ability to
visually detect and respond to the motion of a small, rapidly moving object. Indeed,
some sports stars seem to have an uncanny ability to predict the future location of a ball.
Similarly, many animals also need to detect the motion of small objects, as these may
represent an approaching predator, prey, or a conspecific that needs to be avoided or
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pursued. Insects, in particular, which have small brains with very modest power require-
ments, appear to solve the problem of visually detecting small targets effortlessly. Male
hoverflies naturally engage in complex pursuit behaviour, and since they have specialised
neurons for target tracking, hoverflies are ideal for understanding the underlying neural
circuitry. Here, we combine neural recordings from hoverflies with computational mod-
elling to show how neurons that respond selectively to target motion are combined with
neurons that respond to widefield optic-flow to generate behaviourally relevant sensori-
motor responses. Importantly, our model does not involve learning and hence suggests
that these behaviours can be innate.

Introduction
In many species, the ability to detect small, moving targets in visual clutter is crucial for sur-
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they may represent rivals or potential mates [1]. Thus, neural circuits underlying target-
detection have been heavily studied and target-detection behaviours have been described
in a range of species, including salamanders [2], zebrafish larvae [3], dragonflies [4], and
hoverflies [5].

In insects, target-detection behaviours are believed to be driven by target-tuned neurons
found in the visual and pre-motor regions [6]. Specifically, in hoverflies, which pursue con-
specifics and other territorial intruders at high speed, there are target-tuned neurons in the
optic lobes – the Small Target Motion Detectors (STMDs) [7,8] – as well as in the cervical
connective – the Target Selective Descending Neurons (TSDNs) [9]. These descending neu-
rons connect the central brain with motor command centres in the thoracic ganglia. STMDs
are able to respond robustly to small, moving targets in visually cluttered environments, even
when there is no relative motion between the target and the background [10]. In contrast, the
responses of their presumed post-synaptic targets, the TSDNs, are modulated by background
motion [11]. Indeed, while TSDNs respond strongly to targets moving across either homo-
geneous or cluttered stationary backgrounds, if the background pattern moves in the same
direction as the target, the TSDN response is comparatively suppressed. Conversely, if the
background moves in the opposite direction, the TSDN response is facilitated [11].

The outwardly surprising differences in the responses of STMDs and the TSDNS – which
we assume are postsynaptic to STMDs – may be explained by hoverfly behaviour. Hoverflies
perform two-stage target pursuit: (1) they start with an open-loop interception response [12],
and (2) once close to the target, they transition to a ‘shadowing’ or following behaviour,
matching their speed to that of the target to maintain a close distance [5]. Throughout flight,
they perform body saccades [13], which generate widefield optic flow. This motion is detected
by lobula plate tangential cells (LPTCs), which in turn project to optic flow-sensitive descend-
ing neurons that mediate the resulting optomotor response [14–16]. Thus, the robust target
response provided by STMDs [7,8] can alert the central brain of the motion of a target irre-
spective of background motion, while the LPTCs inform the animal about self-motion. We
hypothesise that if the TSDNs combine the input from STMDs and LPTCs, they can project
the information needed for flight correction. Specifically, when the target and background
move in the same direction, the optomotor response itself ensures that the insect follows
the target, and no extra TSDN signal is needed. In contrast, if the background moves in the
opposite direction to the target, the TSDNs need to overcome the optomotor response, and
therefore, the TSDN signal needs to be increased (for discussion, see [11]).
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There are many models for the detection of motion (for review, see e.g. [17]), with
interesting analogies between insects and vertebrates [18]. One of the classic phenomeno-
logical models, the Hassenstein-Reichardt Elementary Motion Detector (EMD) model per-
forms a non-linear comparison of signals from two points in space after delaying one of
them [17,19–24]. More recent biophysical models based on T4 and T5 cells in Drosophila,
rely on the integration of fast excitatory signals with spatially offset slow inhibitory signals
[24,25]. While all these models generate directional responses to widefield motion, some
may also respond to smaller objects (as LPTCs do [26]). However, even if LPTCs respond to
smaller objects, they are not target-tuned. Therefore, other models have been developed to
explain the mechanisms underlying the ability of STMDs to detect small targets amidst clutter
[7,27]. These generally either use a centre-surround mechanism [28] or cascade the centre-
surround mechanism with temporal correlation filters [29,30]. Temporal correlation filters,
often referred to as 1-point correlators, are based on the comparison of ON (brightness incre-
ment) and OFF (brightness decrement) signals from one point in space after delaying one of
them. Thus, an elementary STMD (ESTMD) [29], which implements a 1-point correlator,
detects the unique temporal signature associated with a dark target – where a leading OFF
edge is immediately followed by a trailing ON edge – and thus only responds to small, dark,
moving objects while being generally unaffected by background motion. A consequence of
the 1-point correlator model is that, if target-like spatio-temporal signatures are found in the
background, they will also elicit a response. This is indeed seen in dragonfly STMDs [30]. In
addition, both STMDs and TSDNs respond poorly to signals containing only leading OFF or
trailing ON edges [11,30], suggesting similar ESTMD-type input, and supporting the notion
that TSDNs are post-synaptic to STMDs.

Existing models of small-object detection [28,29,31] fail to explain the observation that
hoverfly TSDNs are affected by background motion [11]. Therefore, additional mecha-
nisms are needed, and we hypothesised that both STMDs and LPTCs are necessary to
describe the TSDN circuit mechanistically. While there are published models that incorporate
ESTMD-EMD interactions, these either act to make the model ESTMD output directionally-
selective [32] or to enhance target detection against velocity matched, syn-directional back-
ground motion [33]. As the responses of biological TSDNs are suppressed under these
conditions, these models fail to explain the physiology.

To test our hypothesis, we made the outputs of the ESTMDmodel [29] directionally-
selective [32], tiled them over the visual field, and spatially pooled their outputs to match
biological STMD [34] and TSDN receptive fields [11]. We modelled optic-flow-sensitive
LPTCs using EMDs (Hassenstein-Reichardt detectors) [20] and then fitted plausible TSDN
circuit arrangements, combining the STMD and LPTC outputs, to previously published
electrophysiological data from TSDNs [11]. Subsequently, we acquired new biological data
where TSDNs responded to targets against different backgrounds and tested the candidate
circuits on this new data to assess whether the models generalise. This led us to discard one
of the circuits. To determine the most viable of the remaining two candidate circuits, we
then tested them on other stimuli described in [11], allowing us to eliminate another circuit.
Finally, we discuss how this simple circuit can mechanistically explain observations from
biological TSDNs. Thus, by combining existing neuron models of STMDs and LPTCs, we
obtain a circuit configuration that can, for the first time, plausibly explain the phenomenon of
facilitation and suppression observed in biological TSDNs [11].
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Results
To model the responses of hoverfly TSDNs to targets moving against background motion,
we took advantage of existing ESTMD [29,35] and EMDmodels [17,19]. To facilitate the
continuity of the ESTMDmodel literature, we use the same naming conventions for the
mechanisms described here as prior work [29,35].

LPTCmodel captures direction and velocity tuning of biological LPTCs
LPTCs have been studied extensively in a range of dipteran flies, including the blowfly
Calliphora, the fruitfly Drosophila, and the hoverfly Eristalis. There are 45-60 LPTCs in each
hemisphere [36], including neurons that give graded responses, spiking responses, and a
mix [37]. Here, we developed models based on spiking neurons, and as CalliporaH1 and H2
are the best-studied spiking LPTCs [38–41], we used published data for these neurons for
model fitting. However, considering that the velocity tuning, contrast response functions, and
direction sensitivity are strikingly similar between diverse species [42–44], this choice should
not affect our results substantially.

We modelled LPTCs by spatially pooling output from local elementary motion detec-
tors (EMDs) (see Lobula Plate Tangential Cell (LPTC) modelling section) and compared
our model output to biological data from blowfly H2 neurons (Fig 1). Using a 7.4° diameter
dark dot stimulus on a white background (Michelson contrast of 60%), Longden et al. [45]
obtained the local motion direction tuning of the H2 neuron at 0° elevation and 30° azimuth.
We used a similar dot stimulus to obtain local motion direction tuning for our model LPTC
(red data, Fig 1A), with a preferred direction to the right (0°) While there are other models
for LPTC input [24], our EMD-based model (Fig 1) also closely matches the temporal fre-
quency tuning of the biological LPTC in both the preferred (green arrow) and anti-preferred
direction (purple arrow). This was tested using a vertical square-wave grating with a wave-
length of 11.4° and Michelson contrast of 95%, presented for 0.5 s. In both biology and the

Fig 1. Velocity tuning of model and biological LPTCs. (A) Local motion direction tuning curve obtained using
a dot stimulus (see ref [45] for stimulus details). The asterisk (*) denotes the preferred direction. (B) Temporal
frequency tuning to an 11.4° wavelength, square-wave vertical grating stimulus, with Michelson contrast of 95%.
The green and purple arrows indicate motion in the preferred direction (PD) and null direction (ND), respectively.
In both panels, the dashed black line denotes the spontaneous activity, and the model data represents the mean
normalised response over 0.5 s stimulation. The biological LPTC data was obtained from ref [45].

https://doi.org/10.1371/journal.pcbi.1012986.g001
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model, the maximal response occurs around 4Hz. The model output shows a narrower tem-
poral frequency tuning than the biological data in the preferred direction (Fig 1B), which
could be changed by adding a saturating non-linearity to the model output. However, the
biological and model tuning curves both have their peak normalised response at the same
temporal frequency, which is close to the velocities relevant to our work. In addition, both
Fig 1A, 1B show that our model exhibits direction opponency, with an asymmetry about the
spontaneous rate in the response amplitude to motion in the preferred and anti-preferred
directions (see e.g. [42]).

Longden et al. [45] found that biological LPTCs start responding to square-wave grating
stimuli 20–60ms after stimulus onset (green data, Fig 2A). In response to a 4Hz stimulus,
our model captures the response onset dynamics of biological LPTCs well (red, Fig 2A). We
quantified the mean response within a 20–60ms time window across temporal frequencies
and found that our model LPTC mimicked biological data (Fig 2B). Compared to the tuning
curves in Fig 1B, those in Fig 2B peak at a higher temporal frequency. This can be attributed
to the fact that LPTCs respond faster as the temporal frequency increases [46], and that the
velocity response functions in Fig 2A and 2B are obtained through the mean LPTC responses
over 0.5 s and 20–60ms time windows respectively. In summary, our LPTC model responses
closely match those of their biological counterparts (Fig 1 and Fig 2).

The dynamics of our STMDmodel match hoverfly biology
STMDs respond robustly to targets moving against background motion, even without rel-
ative motion between the two [10]. Wiederman et al. [29] and Bagheri et al. [35] proposed
an elementary STMD (ESTMD) model that encapsulates this behaviour, which we repro-
duced (see STMDmodelling for algorithmic details of the STMDmodel). In this model,
each delayed OFF signal is correlated with an undelayed ON signal from the same point in
space. Together with spatial centre-surround inhibition, this creates a selective detector for a
dark target moving on a brighter background. To better match hoverfly response functions,

Fig 2. Response onset characteristics of model and biological LPTCs. (A) The response onset to a 4Hz stimulus,
smoothed with a Gaussian filter with 𝜎 = 6ms. The stimulus appeared and started moving at 0ms. The shaded region
shows the analysis window used in panel B. (B) The transient response (averaged over the 20–60ms period shown
in panel A) to preferred direction motion as a function of temporal frequency. The spontaneous activity has been
subtracted. The biological LPTC data was obtained from ref [45]. All responses are normalised to their peak.

https://doi.org/10.1371/journal.pcbi.1012986.g002
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we modified the Gaussian kernel used for spatial blurring (see Early visual processing in
S1 Appendix) and the temporal adaptation time constants (see Target matched filtering in S1
Appendix), but kept most other components similar.

Hoverfly STMDs vary in their directional selectivity as well as receptive field size and
location, with up to 20 different physiological types identified [10]. All STMDs are defined by
their sharp size tuning, which can be determined using a black bar with a fixed width (par-
allel to the direction of target motion) and varying height (perpendicular to the direction of
target motion) moving at a constant speed. Hoverfly STMDs give peak responses to targets
with a height of a few degrees of the visual field (green data replotted from [34], Fig 3A).
Similar size tuning is found in other STMDs [8]. Our ESTMDmodel closely matches
Wiederman et al.’s [29] model (compare black and red data, Fig 3A), but is narrower than
biology (green, Fig 3A). However, at the relevant size (∼1.4°) used in this paper, there is a
close match between biology and models.

We next look at the velocity response functions. As there is no published data from male
STMDs, we used data from females to investigate the model’s ability to recapitulate the
velocity response function (green data replotted from [7], Fig 3B). The female STMD veloc-
ity sensitivity was determined using a black square of fixed size moving at a range of speeds in
the neuron’s preferred direction. Fig 3B shows the resulting velocity response function, which
in models and experiments has its peak response around 30–200°/s [7,29]. While the biologi-
cal velocity tuning is broader than the models, Fig 3B shows that our ESTMDmodel matches
Wiederman et al. [29]’s ESTMDmodel well, and is similar to biology at the relevant velocity
(∼90°/s).

As TSDNs are directionally selective [1], they likely receive input from directionally
selective STMDs. To capture this in our modelling, we passed the output from neighbouring
ESTMDs through an EMD, resulting in directional selectivity (similar to [32]). In addition,
we spatially pooled output from the directionally selective ESTMDs to match the receptive
fields of small-field STMDs [1,34]. Details about the directionally-selective STMDmodel are
in the STMDmodelling section in the Methods.

Fig 3. Comparison of spatiotemporal characteristics frommodel and biological STMDs. (A) Normalised
responses to targets of different heights. The bar had a constant width of 0.8° and was moving at 50°/s. In mod-
elling, we used bar heights between 0.35° and 9°. The biological STMD data is from ref [34] (B) Velocity tuning of
black, square targets (0.8° × 0.8°). In modelling, we used velocities in the 10–600°/s range. The biological STMD data
is from [10]. The black data is from [29]. Please note that the targets and bars in the pictograms are not to scale.

https://doi.org/10.1371/journal.pcbi.1012986.g003
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TSDN circuit arrangements
TSDNs are likely to be post-synaptic to STMDs [6,47], as supported by their size, contrast,
and velocity response functions [1], as well as their response to ON and OFF edges [11].
TSDNs are also highly directional with a preference for horizontal motion away from the
visual midline [1]. Unlike LPTCs, TSDNs do not respond to motion in the anti-preferred
direction and do not have a spontaneous firing rate. Contrary to dragonfly TSDNs, which
constitute a heterogeneous population [48], hoverfly TSDNs are largely homogeneous, differ-
ing mainly in their directional selectivity [1]. An important difference compared to STMDs is
that TSDN responses are affected by background motion, suggesting that they receive addi-
tional input from LPTCs. Syn-directional background motion inhibits TSDN response to
target motion, where the level of inhibition is proportional to the level of LPTC excita-
tion generated by the particular background [11,47]. Therefore, as the strength of TSDN
inhibition follows the direction, velocity, and contrast tuning of optic-flow sensitive neu-
rons [11,47], it seems plausible that they receive inhibitory input from LPTCs with the same
preferred direction. In addition, TSDNs are facilitated by contra-directional background
motion [11], suggesting that they receive input from neurons with the opposite preferred
direction.

We based our modelling on published data from hoverfly TSDNs responding to small
circular targets moving over a ‘starfield’ background [11]. This starfield pattern covers the
entire visual field and was designed to simulate the type of optic flow generated by self-motion
through the world, including e.g., sideslip translations and yaw rotations [14]. Because this
background covers a large part of the visual field, it will strongly stimulate optic-flow sensi-
tive neurons [14] and, because it consists of many target-sized features moving coherently
(Fig 1 of [11]), it could also stimulate STMDs, although this has yet to be shown in biology.
However, direct additive inputs from LPTCs or STMDs can be discarded categorically for the
following reasons:

1. It is not plausible that LPTCs directly excite the TSDN, as this would result in TSDN
responses to wide-field optic flow even in the absence of a target. This does not occur in
biological TSDNs [11,47].

2. It is not plausible that STMDs with a directional preference opposite to that of the
TSDN directly excite the TSDN, as this would result in TSDN responses to both direc-
tions of motion, which does not occur in biological TSDNs [1].

Thus, we evaluate the three simple, bio-plausible circuit arrangements illustrated in Fig 4):

Circuit 1 involves a linear summation of STMD and LPTC inputs.
Circuit 2 is an extension of circuit 1, with additional excitatory input from an LPTC with

the opposite preferred direction. This LPTC enhances any STMD signals, but does
nothing if the STMD is inactive. Thus, in many cases, the outputs of circuits 1 and 2
are the same. However, in the event of background motion contra-directional to target
motion, the STMD signal would receive an additional boost in circuit 2, thus resulting
in a facilitated TSDN response.

Circuit 3 also amplifies the STMD input to the TSDN. However, in circuit 3, the amplifi-
cation comes from an STMD with the opposite preferred direction of motion. For facil-
itation, circuit 3 thus relies on the background consisting of target-like objects, such as
the ‘starfield’ background used in the published recordings of biological TSDNs [11].

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1012986 October 13, 2025 7/ 30

https://doi.org/10.1371/journal.pcbi.1012986


ID: pcbi.1012986 — 2025/10/16 — page 8 — #8

PLOS COMPUTATIONAL BIOLOGY Understanding the mechanism of facilitation in hoverfly TSDNs

Fig 4. Candidate Model Circuits. All TSDN circuits include direct excitatory input from STMDs. Left. Circuit 1 involves a simple linear subtraction of the LPTC
response from the STMD response. All neurons in the circuit have the same preferred direction (green arrows).Middle. Circuit 2 additionally includes an LPTC with the
opposite preferred direction (purple arrow), multiplicatively amplifying the STMD signal. Right. Circuit 3 involves the addition of an STMD with the opposite preferred
direction (purple arrow), multiplicatively amplifying the signal from the STMD.The circuits are reflected in the functional equations below each. 𝛼, 𝛽, 𝜅 and 𝜂 are the
coefficients of the relevant terms.

https://doi.org/10.1371/journal.pcbi.1012986.g004

In all three circuits, if a hoverfly is stationary or hovering, due to a lack of self-generated optic
flow, the only input from the LPTC would be its spontaneous rate, and the TSDN output
would be similar to the output of a TSDN receiving only STMD input.

Comparisons of candidate TSDN circuits
We fit the neuronal weight coefficients (𝛼, 𝛽, 𝜅 and 𝜂 from Fig 4) and the LPTC equation
(Lobula Plate Tangential Cell (LPTC) modelling section) coefficients (g, 𝛾 and s) of our three
candidate TSDN circuits to minimise the average root-mean-square error (RMSE) of model
output against spike density functions obtained from published spike train data of several
TSDNs responding to targets moving on a starfield background (see Data analysis and statis-
tics section in Methods) [11]. In these experiments, the background consisted of thousands
of targets moving horizontally to mimic the perspective-corrected optic flow generated by
the viewer sideslipping at 50 cm/s [14]. In circuit 2, where two LPTCs are present, we only
optimised a single set of LPTC coefficients. We use an ‘STMD only’ circuit as a benchmark
to normalise the circuit errors. The ‘STMD only’ circuit comprises STMD output weighted by
the coefficient 𝛼. The coefficient values for the best fit are shown in Table 1.

Fig 5 shows the biological (green data replotted from [11]) and model responses of a sin-
gle TSDN to a target moving over either a bright background or over a starfield background.
When the target moves across a bright screen or against a stationary pattern (‘alone’ and
‘stationary’, Fig 5), all the outputs are similar. However, when the target is displayed over a

Table 1. Neuronal weight and LPTC equation coefficients.
Circuit LPTC equation Neuronal weight

g 𝜸 s 𝜶 𝜷 𝜿 𝜼
STMD only - - - 0.4 - - -
Circuit 1 13 0.3 10 0.8 13.9 - -
Circuit 2 11 0.9 10 0.3 29.9 2 -
Circuit 3 13 0.3 10 0.5 4.7 - 1

https://doi.org/10.1371/journal.pcbi.1012986.t001
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Fig 5. Example TSDNmodel and biological outputs to targets moving over the starfield background.The data
show the spike histograms as a function of time from a single TSDN as it responds to a small target moving through
its receptive field, in the neuron’s preferred direction, at 900 pixels/s. The biological data (green) is replotted from
[11]. The ‘STMD only’ circuit (blue) represents a TSDN circuit consisting only of an STMD input (no LPTC input).
The different panels show the response to the black, circular target moving over a bright screen (‘alone’), over a
stationary starfield pattern (‘stationary’), a sideslipping starfield (50 cm/s in the same direction as the target (‘syn’), or
in the opposite direction (‘contra’)). The greyscale bars under the data indicate the presence of the stimuli.

https://doi.org/10.1371/journal.pcbi.1012986.g005

starfield background moving in the same direction as the target, all TSDN circuits are strongly
inhibited (‘syn’, Fig 5). In contrast, the modelled ‘STMD only’ output remains strong, as
expected from biological findings that STMDs are unaffected by background motion (blue
data in Fig 5; [10]). When the target is displayed over a starfield background moving in the
opposite direction, all TSDN circuits are facilitated (‘contra’, Fig 5), whereas the modelled
‘STMD only’ output remains largely unaffected. Again, this is expected from biology where
STMDs are unaffected by background motion (blue data in Fig 5; [10]). Note that the ‘contra’
response from circuit 2 seems to ‘overshoot’ the biological TSDN response.

LPTCs have a spontaneous rate, i.e., they fire at a non-zero baseline rate even when not
stimulated [45] (dashed lines, Fig 1). When stimulated with motion in the preferred direction,
the response increases, whereas motion in the non-preferred direction leads to an inhibition
of the firing rate (see e.g. Fig 1B). The LPTC spontaneous rate means that all the proposed cir-
cuits receive inhibitory LPTC input even in the ‘alone’ and ‘stationary’ conditions. However,
for circuit 3, since in ‘alone’ and ‘stationary’ conditions, only the target moves and STMDs do
not have a spontaneous rate, the output of the STMD with the opposite preferred direction
(purple arrow, Fig 4) is zero. This allows the synaptic weight of this amplifying STMD, 𝜂, to be
tuned specifically towards minimising the fitting error for the ‘contra’-directional condition.
Indeed, for this example neuron (Fig 5), circuit 3 fits the biological TSDN data remarkably
well.

To compare this across neurons, we calculated the average RMSE for each circuit per con-
dition (Fig 6) normalised against the equivalent RMSE of a TSDN circuit with only an STMD
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Fig 6. Errors from fitting candidate circuits to biological TSDN data for targets moving over the starfield
background. For each neuron (N=35, data from [11]), we calculated the mean RMSE by comparing each circuit
(described in Fig 4) with the electrophysiological data. The mean RMSE of each circuit per condition was then nor-
malised by the equivalent RMSE of the ‘STMD only’ circuit. The whiskers of the black points (the mean RMSEs)
indicate the variation across neurons, quantified as the standard deviation of the normalised mean RMSE of the par-
ticular bar plot. Note that the background in the pictogram has been faded out and that the target has been magnified
substantially for viewing purposes.

https://doi.org/10.1371/journal.pcbi.1012986.g006

input (‘STMD only’). For each neuron simulation, we used the same initial conditions, i.e.,
the same starting points for the target as were used in the electrophysiology experiments,
and took each neuron’s receptive field into account (see TSDN receptive fields for details).
We found that ‘syn’ resulted in the smallest errors for all circuits, whereas ‘contra’ led to the
largest errors. However, it should be noted that with syn-directional motion, TSDN responses
tend to be suppressed to near-zero values (Fig 6; [11]). This is because the ‘STMD only’ cir-
cuit, which we used for normalising, lacks an LPTC component and thus, inherently attempts
to average across the hyperparameter search space. This can be seen in the ‘syn’ panel of Fig 5
where the ‘STMD only’ response shows no suppression.

Across background conditions, and across neurons, circuit 1 performs better than circuit
2, and circuit 3 outperforms both circuits 1 and 2 (Fig 6). All circuits outperform the ‘STMD
only’ circuit – the normalised errors are all below 1. Thus, across neurons, the normalised
average RMSEs reflect the quality of the circuit fits exemplified for one neuron in Fig 5.

TSDN responses to targets moving across broadband backgrounds
When fitting the different circuits (Fig 6), we used published biological data where TSDNs
responded to targets moving over a starfield background [11]. As the starfield background
used in those experiments consists of thousands of target-like features, it could stimulate
STMDs [27,29] (although this remains to be shown experimentally). As this makes it diffi-
cult to separate the different circuit configurations (Fig 4), we generated new electrophys-
iological data (see Electrophysiology) where TSDNs responded to targets moving against
two other backgrounds – ‘cloud’ (N=10) and ‘sinusoidal’ (N=6) – which do not stimulate
STMDs [10].

The cloud background has a 2D power spectrum similar to that of typical natural scenes
and a mean luminance of 50% [47] with a Michelson contrast of 100% (see ref [7] and Visual
stimuli for more details). Consistent with earlier work [47], TSDN responses to target motion
are inhibited when the target is displayed against syn-directional ‘cloud’ background motion
(Fig 7C, 7F, 7I). Earlier work found that a similar contra-directional, naturalistic background
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Fig 7. New electrophysiological recordings of TSDNs responding to targets moving over cloud and sinusoidal backgrounds. (A-D)
Example raw electrophysiology data from a single TSDN responding to targets moving over a grey background (‘alone’), or a ‘stationary’,
‘syn’-directional, or ‘contra’-directional cloud background. The greyscale bars under the data show the stimulus timing. (E-G) Spike rate
responses from three different TSDN neurons for four background conditions, using the starfield (E), cloud (F), or sinusoidal grating
(G) background. In all cases, the data show the spike histograms averaged across repetitions (starfield: n=9-15 repetitions; cloud: n=24
repetitions; sinusoidal: n=30 repetitions), and converted to rates as described in Methods. (H-J) Boxplots of TSDN responses across neu-
rons for starfield, cloud and sinusoidal backgrounds. The whiskers of the boxplots extend across the range of the data (min to max). In all
cases, we calculated the average spike frequency across the entire time the target was on the screen and normalised this to the response to a
target moving over a bright (panel H), or grey (panels I and J), background. The data in panels E, H are replotted from [11]. Stars indicate
statistical significance using one-way ANOVA followed by Dunnett’s multiple comparisons test. Note that the pictogram targets have been
magnified substantially for viewing purposes.

https://doi.org/10.1371/journal.pcbi.1012986.g007

inhibited TSDN responses to target motion [47]. However, here we find that they are strongly
facilitated by contra-directional cloud background motion (Fig 7D, 7F, 7I).

The ‘sinusoidal’ background is a vertical sinusoidal grating with a wavelength of 7°, mov-
ing at 5Hz, and a Michelson contrast of 25%, which should not stimulate any STMDs [10].
We found that this background also inhibited TSDN responses when targets moved syn-
directional, and facilitated TSDN responses when contra-directional (Fig 7G, 7J).

The new backgrounds not only allow us to test the robustness of all the fitted circuits, but
also let us test the viability of circuit 3 as it relies on STMD input for the facilitation, and thus
on backgrounds (like ‘starfield’) that contain target-like features. Because both the cloud and
sinusoidal backgrounds are devoid of target-like features, the facilitation seen in the new
electrophysiology (Fig 7) argues strongly against circuit 3.
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Using the circuit coefficients listed in Table 1 (which we fitted on the starfield dataset), we
tested each candidate circuit on the cloud and sinusoidal datasets (Fig 7). Similar to our initial
testing on the starfield dataset, we used the same initial conditions, i.e., same starting points of
the target, as in electrophysiology, and took each neuron’s receptive field (see TSDN receptive
fields for details) into account in the simulations. Again, the errors between the biological and
modelled TSDNs were quantified by an average RMSE per neuron.

We found that the circuit 1 errors for the cloud and sinusoidal backgrounds were fairly
consistent with those for the starfield background (compare Fig 6 and Fig 8). However, cir-
cuits 2 and 3 produced much higher errors (Fig 8) compared to those obtained on the starfield
background, especially for contra-directional background motion. For circuit 2, this might be
due to the model output for contra-directional background motion being significantly higher
than the biological TSDN response (see single neuron response and modelling in Fig 5),
which resulted in higher errors across neurons (Fig 8). For circuit 3, the large errors stemmed
from the lack of target-like objects in the background, and the circuit’s subsequent failure
to produce facilitation. All three circuits had higher errors to syn-directional sinusoidal
background motion (Fig 8) compared with the starfield background (Fig 6). This is because
some TSDNs responded to targets moving across the ‘syn’-directional sinusoidal background
(Fig 7J), resulting in model testing errors. Nevertheless, taken together (Figs 7 and 8), these
results suggest that circuit 3 can be discounted as a viable TSDN circuit.

Circuit 1 provides best fit to results of preceding optic flow experiments
Nicholas and Nordström [11] explored whether the TSDN response would also be affected
by background motion that immediately preceded, but did not coincide with target motion
(Fig S3 of [11]). The stimuli consisted of two parts: (1) preceding optic flow – background
motion before the moving target appears, and (2) concurrent optic flow – background motion
while the target is in motion.

The effects of preceding optic flow on TSDN responses are thought to relate to the over-
lap of decaying LPTC responses and rising STMD activity and hence depend strongly on the

Fig 8. Errors from testing candidate circuits on biological TSDN data for cloud and sinusoidal backgrounds.
The normalised mean RMSEs from fitting each circuit described in Fig 4 to TSDN electrophysiological data for
each condition for the cloud (left) and sinusoidal (right) backgrounds. The RMSEs of each circuit per condition are
normalised by the equivalent RMSE of the ‘STMD only’ circuit. The whiskers of the black points indicate the standard
deviation of the normalised mean RMSE of the particular bar plot. Note that the targets in the pictograms have been
magnified substantially for viewing purposes.

https://doi.org/10.1371/journal.pcbi.1012986.g008
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offset and onset latencies. Therefore, to investigate how the preceding optic flow affects our
model outputs, we first investigated the response latencies of our circuits. The LPTC model
(see Lobula Plate Tangential Cell (LPTC) modelling section) has a decay time constant of
40ms. The STMDmodel employs a temporal band-pass filter (early visual processing section
in S1 Appendix) for contrast adaptation, a temporal low-pass filter for the one-point corre-
lator, and an HR-detector for directional selectivity (see STMDmodelling section in Meth-
ods), all together introducing delays of ∼ 16ms. We quantified the resulting TSDN latency
– which we define as the time between the onset of a stimulus and a TSDN response ≥ 1Hz
being elicited – after varying the target height (Fig 9A) or velocity (Fig 9B), for target trajec-
tories starting within the receptive field. No published hoverfly TSDN data is available so, for
biological comparison, we used data from dragonfly TSDNs, which have latencies between
20ms and 40ms [48]. For the relevant target height (1.4°) and velocity (90°/s), all three cir-
cuits exhibited latencies in this range (shaded areas, Fig 9). Assuming that hoverfly TSDNs
have similar latencies to dragonflies, we therefore assume that our TSDN circuits all have
comparable latencies to their biological counterparts.

We next investigated how the preceding optic flow configurations used by Nicholas
and Nordström [11] affect our models. They found that 1 s of preceding, syn-directional
optic flow inhibits biological TSDN responses to targets moving over a concurrent, sta-
tionary background, whereas preceding contra-directional optic flow does not facilitate
responses. An example stimulus consisting of such contra-directional preceding (right-
ward) optic flow with a leftward-moving target is presented in S1 Video. In our simulations,
the preceding optic flow lasted 0.48 s and was either stationary, syn-directional, or contra-
directional to target motion Fig 10. Importantly, as long as the optic flow is presented for at
least 80ms, it stimulates LPTCs maximally (Fig 2A). Fig 10 shows the average TSDN response
throughout the 0.48 s period of target motion, averaged across neurons and conditions,
and normalised against the average TSDN response to a target moving ‘alone’ (green data
replotted from [11]). The results show that circuit 1 reproduces experimental results in all
three conditions (red, Fig 10). However, circuit 2 produces significantly different results to

Fig 9. Our TSDN circuits exhibit similar latencies to biological TSDNs. TSDNmodel latencies (red, circuit 1;
golden, circuit 2; black, circuit 3) to changing spatiotemporal target characteristics. (A) Circuit latencies for different
target heights (fixed width of 0.8°, heights 0.7–9°, moving at 50°/s). (B) Circuit latencies for different velocities of
square targets of fixed size 0.8° × 0.8°. The velocity range is from 10–300°/s. The shaded region (20–40ms) signifies
the latency range observed in dragonfly TSDNs [48]. Note that the pictograms are not to scale.

https://doi.org/10.1371/journal.pcbi.1012986.g009
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Fig 10. Model and biological TSDN outputs to preceding optic flow.The outputs of the fitted circuits are compared
with biological TSDN responses (green, replotted from [11]). In the legend, target motion is shown in blue, and
preceding optic flow with green arrows, or a dot, if stationary. The box edges denote the first and third quartiles of the
data, with a line at the median. The whiskers denote the furthest data point within 1.5x the interquartile range (IQR).
The unfilled circles are outliers. Significance is shown with one-way ANOVA followed by two-sample t-tests with
Bonferroni correction (****P≤ 0.0001).

https://doi.org/10.1371/journal.pcbi.1012986.g010

biological TSDNs for syn-directional preceding optic flow (golden, Fig 10, one-way ANOVA,
followed by a post-hoc two-sample t-test with Bonferroni correction, P≤ 0.0001), suggesting
that circuit 1 is more biologically plausible.

To better understand why syn-directional preceding optic flow inhibits TSDN responses,
we simulated three targets that were spatially offset from each other by the distance the targets
would travel in 25ms (Fig 11). When the target starts within the TSDN receptive field (cyan
target, Fig 11A, B) the modelled STMD response rises rapidly (orange, Figs 11C). When the
starting position of the target is spatially offset to be outside the receptive field (green and red
targets, Fig 11B), the timing of the STMD output is temporally delayed accordingly (orange,
middle and right, Fig 11C).

Importantly, as the timing of the preceding optic flow is the same in these three conditions,
the LPTC outputs in both the preferred (LPTCPD) and anti-preferred directions (LPTCND) are
also the same (green and purple, Fig 11C). Thus, when preceding optic flow in the preferred
direction stops, LPTCPD activity decays back to the spontaneous rate (green, Fig 11C), with
a time course similar to the LPTC response onset (left, Fig 2). At the same time, the inhibited
LPTCND returns to the spontaneous rate with a similar time course (purple, Fig 11C). Thus,
when considering the model output in the 0.48 s analysis window (dashed box, Fig 11A), if
the target starts within the receptive field (cyan target, Fig 11B), STMD activity coincides with
decaying LPTCPD activity, and therefore the resultant TSDN output is suppressed (Δt = 0 ms,
Fig 11C). However, if the targets start outside the receptive field, the LPTC activity has already
returned to the spontaneous rate by the time the STMD activity starts, leaving the TSDN
output unaffected (Δt = 25 ms and Δt = 50 ms, Fig 11C).

We find that in the model, TSDN firing rates averaged over the 0.48 s analysis window
( ̄f) differ by 28.2% between the example where the target started well outside the receptive
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Fig 11. The inhibition by preceding, syn-directional optic flow depends on target timing. (A) Raw data trace from a TSDN to a tar-
get moving in its preferred direction. For 1 s before target motion, the ‘starfield’ background was sideslipping at 50 cm/s, in the TSDN
neuron’s preferred direction. During target motion, the starfield background was stationary. The coloured bars indicate the occurrence
of the preceding optic flow (green) and the presence and movement of a target (blue). The dashed box indicates the (0.48 s) analysis win-
dow, which coincides with target motion. The trace is replotted from [11]. (B) Three modelled targets spatially offset from each other by
the distance they would travel in 25ms, on their trajectory into the modelled TSDN’s receptive field (dashed ellipse). (C) Top rowMod-
elled spike histograms as a function of time; STMD (orange), LPTC in preferred (green, LPTCPD) and anti-preferred directions (purple,
LPTCND). Bottom row Circuit 1 output for the three different target start positions as described in panel (B). The dashed lines indicate
when the preceding optic flow stops and the target appears and starts moving. The shaded areas indicate the start of the 0.48 s analysis
window.

https://doi.org/10.1371/journal.pcbi.1012986.g011

field (Δt = 50 ms, Fig 11C, 18.1Hz) compared with when it started within the receptive field
(Δt = 0 ms, Fig 11C, 13.0Hz). This response reduction is similar in magnitude to the dif-
ference observed in the biological TSDN firing rates between preceding optic flow that was
either ‘stationary’ or ‘syn-directional’ to target motion (33.4%, green data, Fig 10). If the
target starts at an intermediary position (green target, Fig 11B) the resulting firing rate in this
example was 17.3Hz (middle, Fig 11C).

Thus, we can now hypothesise why circuit 2 suppresses the TSDN response when syn-
directional optic flow is concurrent with target motion (golden, Fig 5), but not when there
is no concurrent optic flow, only preceding optic flow (golden, Fig 10). As circuit 2 receives
input from two LPTCs, with opposite preferred directions of motion (circuit equations, Fig 4),
these opposing LPTC activities cancel each other out in the preceding optic flow experiments
(Fig 10). In contrast, when background optic flow is concurrent with target motion (see e.g.
‘syn’ in Fig 5), LPTC input in circuit 2 adequately suppresses the TSDN response, providing a
good fit between the model and biology.
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Circuit 1 provides best fit to results of dot density experiments
In the experiments above, the density of the starfield background was kept at 100 dots/m3.
However, Nicholas and Nordström [11] also explored whether varying the dot density from
10–500 dots/m3 affected the background modulation of the TSDN response. This is an impor-
tant test as sparse widefield patterns generate weaker hoverfly LPTC responses than dense,
high-contrast patterns [49], and we would therefore expect the LPTC input to be weaker at
lower dot densities. Indeed, while optic-flow sensitive descending neurons respond strongly
to the lowest dot density, the response is less than half of the response to the higher dot densi-
ties [11]. Our LPTC model output follows the same logarithmic behaviour as the dot density
increases. Thus, the level of inhibition and facilitation should scale with dot density. How-
ever, while biological TSDN responses were not facilitated when low-density background
motion was contra-directional to target motion, responses were facilitated at higher dot den-
sities [11]. In contrast, biological TSDN responses were suppressed by syn-directional back-
ground motion at all dot densities tested. An example stimulus of the starfield background
with a dot density of 500 dots/m3 moving contra-directional to a leftward-moving target is
presented in S2 Video.

Fig 12 shows the normalised (to each neuron’s own mean response to a target moving over
a white background) model and biological TSDN responses to a target moving against sta-
tionary, syn- and contra-directional background motion, across various dot densities. Both
circuits 1 and 2 reproduce the suppression observed in biology (middle row, Fig 12). Cir-
cuits 1 and 2 sometimes exhibit suppression significantly stronger than biology; these hap-
pen because while the model outputs are completely driven to zero, in biology, TSDNs may
experience noise that causes occasional firing (middle row, Fig 12)

However, when it comes to facilitation (which, in biology, depends on dot density [11]),
circuit 2 sometimes produces TSDN outputs that are significantly different (asterisks in
Fig 12). Circuit 2 performs worse because the amplification of the STMD activity by the LPTC
with the opposite preferred direction (purple arrow,middle circuit, Fig 4) results in model
outputs that overshoot the biological TSDN responses (see e.g. ‘contra’ panel, Fig 5). Thus, for
contra-directional background motion at 10 dots/m3, while circuit 2 outputs show facilitation,
circuit 1 outputs match biological TSDN responses better (bottom row, Fig 12).

As modelled and biological LPTCs follow a logarithmic behaviour as dot density increases,
our model suggests that, at a dot density of 10 dots/m3 where the LPTC activity is low, there
will be low/no facilitation of TSDN responses by contra-directional background motion.
However, since even at a low dot density, syn-directional motion causes suppression of TSDN
responses (middle row of Fig 12; [11]), this would indicate that the LPTC synaptic weight
would have to be quite high relative to the STMD synaptic weight to fully suppress the STMD
activity. This is confirmed in the LPTC synaptic weight (𝛽) hyperparameter values obtained
for both circuits 1 and 2 (shown in Table 1). Taken together, these last two experiments
(Figs 10 and 12) again suggest that circuit 1 is the most biologically plausible.

Discussion
Wemodelled three candidate TSDN circuits (Fig 4) using plausible combinations of existing
STMD [29] and LPTC [20] models to drive the suppression by syn-directional background
motion and the facilitation by contra-directional background motion seen in biology (Fig 7).
We fitted our circuit models to published data [11], and then used new electrophysiology data
to rule out one of the circuits (Fig 7; Fig 8). Then, we compared the remaining circuits against
published preceding optic flow (Fig 10) and dot density (Fig 12) data [11]. Through the inter-
play of STMD and LPTC dynamics, our best-fitting model (circuit 1) provides mechanistic

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1012986 October 13, 2025 16/ 30

https://doi.org/10.1371/journal.pcbi.1012986


ID: pcbi.1012986 — 2025/10/16 — page 17 — #17

PLOS COMPUTATIONAL BIOLOGY Understanding the mechanism of facilitation in hoverfly TSDNs

Fig 12. Model and biological TSDN responses to targets moving over backgrounds with different dot densities.
The outputs of the fitted circuits (red, circuit 1; golden, circuit 2) and biological TSDN data (green data replotted
from ref [11]) to targets moving over the starfield background with variable dot density. The different motion direc-
tions are colour-coded and results are laid out as such: target (blue), stationary (grey; top row), syn- (green; middle
row), and contra-directional (purple; bottom row). The default starfield background at 100 dots/m3 is highlighted
in bold. In each grid, significance is shown with one-way ANOVA followed by two-sample t-test with Bonferroni
correction (*P≤ 0.05, **P≤ 0.01, ***P≤ 0.001, ****P≤ 0.0001).

https://doi.org/10.1371/journal.pcbi.1012986.g012
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explanations for suppression and facilitation of TSDN responses in the presence of syn- and
contra-directional background motion (Figs 5 and 8), respectively, as well as observations
related to preceding optic flow (Fig 10) and dot density (Fig 12) experiments [11].

Interestingly, the model that best fits the biological data (circuit 1, Fig 4) is the simplest
one. Indeed, a similar circuit was proposed earlier [47] based on the finding that TSDN inhi-
bition by background motion is proportional to the response amplitude of optic-flow sensi-
tive neurons generated by that particular background. However, subsequent findings revealed
asymmetries in the TSDN response [11]: facilitation from contra-directional background
motion and inhibition from syn-directional motion were not balanced. These asymmetries,
evident in the preceding optic flow (Fig 10) and dot density experiments (Fig 12), prompted
the hypothesis that more complex mechanisms – such as those implemented in circuits 2 and
3 (Fig 4) – may be involved [11]. However, our modelling here shows that even the simple
circuit can explain these findings (Figs 10 and 12).

Previous models have incorporated ESTMD and EMD output interactions [32,33]. How-
ever, they were either aimed at making ESTMD output directionally selective using an EMD
mechanism [32] – a technique we also employ in making our directionally-selective STMD
(see Directional-selectivity section in Methods) – or improving target detection in visual clut-
ter [33], and thus were unable to capture the TSDN responses recorded in hoverflies [11,47].
In contrast, our modelling presented here not only explains the inhibition by syn-directional
background motion but also the facilitation by contra-directional background motion seen in
biology.

While there are more recent models of insect motion detection, such as the T4 model [24],
we used a Hassenstein-Reichardt [20] detector to model LPTC responses. The main differ-
ence between the more recent T4 model and the EMD that could affect our results is the spa-
tially offset anti-preferred direction responses in the T4 model at low background velocities.
However, at the higher background velocity (90°/s) used here, responses to preferred and
anti-preferred background motion follow a similar time course [24]. As such, we would not
expect our findings to change dramatically with a different LPTC model, especially consider-
ing that our implementation fits biological data well with respect to temporal frequency tun-
ing (Fig 1B), response onsets (Fig 2A), and preferred vs anti-preferred direction asymmetries
(Fig 1).

While our deterministic model predicts how an average TSDNmight respond to differ-
ent target and background combinations, it cannot explain the variation between trials or
between neurons seen in biology (e.g., Fig 7). In dragonflies, the equivalent neurons to TSDNs
(i.e., those which specifically respond to small targets) vary vastly in receptive field size and
location, direction selectivity, and response specificity [48], which could explain a large
amount of inter-neuron variation. However, hoverfly TSDNs are more homogeneous with
similar receptive fields and tuning characteristics [1], so heterogeneity is unlikely to explain
the inter-neuron variability seen in our recordings (Fig 7). Therefore, the variability we see
must come from other sources. One possible source could be the varying strengths of connec-
tions between neurons [50], which could lead to inter-neuron variability in TSDN responses.
Furthermore, like dragonflies, hoverflies are poikilothermic animals with limited thermoreg-
ulation. Temperature has been shown to have a significant impact on the tuning properties of
dragonfly STMD neurons [51], suggesting that any variations in temperature during record-
ing sessions could lead to inter-trial variability. Finally, in blowflies, the response characteris-
tics of LPTCs have been shown to depend on the activity state of the animal, i.e., LPTCs have
different response characteristics depending on whether the animal is stationary, walking or
flying [52]. As this state dependence can be mimicked by the application of chlordimeform
(CDM, an octopamine receptor agonist), which has also been shown to affect hoverfly LPTCs
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[53], it is plausible that activity- or attention-based LPTC modulation could contribute to
inter-trial variability.

TSDNs are thought to contribute to target pursuit by supplying input to motor neurons [6].
Indeed, in dragonflies, TSDNs project to motor neurons responsible for wing control [48].
Additionally, other research [54] suggests that TSDNs may initiate foveating head move-
ments, helping to stabilise the target image on the retina both before and likely during the
‘shadowing’ flight. Although it remains unclear whether hoverfly TSDNs directly influence
head or wing movements, the simple circuit identified as the most parsimonious in our study
(Fig 4) involves only minimal computational steps, suggesting it could support fast and accu-
rate pursuit decision-making. Notably, if the hoverfly is self-generating optic flow, e.g., from
body saccades, syn-directional background motion could result from a moving pursuer
observing a stationary target, allowing the hoverfly to discriminate between genuine targets
and target-like features (figure discrimination [31]), whereas contra-directional background
motion may arise when the target is moving in the same direction as the pursuer. By compar-
ing these signals, the pursuer could extract an error signal indicating the necessary corrective
action. This idea is supported by research on predatory Diptera, which shows that they can
use such error signals to guide efficient pursuit [55–57].

Interestingly, in response to target images reconstructed from pursuits [5], where the
target is most often placed in the frontal part of the eye with binocular overlap [58], hoverfly
TSDNs do not respond strongly [1]. However, these reconstructions were not completely nat-
ural as the hoverflies were pursuing artificial targets in a free-flight arena of limited size [5]. In
nature, male Eristalis hoverflies set up territories, which they defend vigorously against other
insects [59]. As they typically initially detect these intruding insects from a stationary stance,
this would resemble our ‘stationary’ conditions. However, during pursuit, they might perform
body saccades to keep the target in their visual field, and in this case, the background pat-
terns would resemble our ‘syn’ and ‘contra’ conditions. In the future, it would be interesting
to reconstruct both target images and optic flow generated during such target pursuit to deter-
mine how often the background moves ‘syn’- and ‘contra’-directional to the target. Indeed, it is
likely that comparing the two signals is the key information needed for flight correction. Such
an analysis would help evaluate the ethological impact of our findings.

Materials and methods
STMDmodelling
Our STMDmodel implementation (Fig 13) can be partitioned into four stages: (1) ‘Early
visual processing’, which includes the temporal and spatial filtering found in fly optics,
photoreceptors and lamina monopolar cells; (2) ‘Target matched filtering’ which includes the
processes that lead to the discrimination of the target against visual clutter; (3) ‘Directional
selectivity’ which makes the resultant ESTMD directionally selective; (4) ‘Receptive fields’ to
match the modelled STMD to that of a biological small-field STMD [34].

For stages (1-2), we reproduced the ESTMDmodel presented by Wiederman et al. [29] and
Bagheri et al. [35]. We here added stages (3-4), providing directional selectivity (in a similar
way to [32]) and small-field STMD receptive fields. We also tuned our ESTMDmodel hyper-
parameters to match hoverfly physiology. Details about the ESTMDmodel implementation
are in S1 Appendix, whereas mechanisms introduced here are our contributions to extend-
ing the standard ESTMDmodel [29] to obtain a biologically plausible directionally selective
small-field STMDmodel.
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Fig 13. STMDmodel. Our STMD implementation – based on Wiederman et al. [29] with our additions to create
directional selectivity (in a similar way to [32]) and mimic STMD receptive fields. Visual stimuli first undergo early
visual processing in the fly photoreceptors and lamina monopolar cells (LMC). The LMC output is then separated
into ON (red) and OFF (blue) channels, which are independently processed through rectifying transient cells (RTCs)
found in the fly medulla. Then, the ESTMD output is a single-point correlation of a delayed OFF signal with an
undelayed ON signal, as in [29,35]. The ESTMD output is then made directionally selective and spatially pooled using
a 2D Gaussian representative of a small-field STMD’s receptive field [34].

https://doi.org/10.1371/journal.pcbi.1012986.g013

Directional-selectivity
Since TSDNs are directionally selective [1], even in the absence of widefield motion,
and based on our hypothesis that STMDs primarily drive the target selectivity seen in
TSDNs, input from directional model STMDs seems plausible. To implement this, the non-
directionally-selective ESTMD outputs are passed through a Hassenstein-Reichardt Elemen-
tary Motion Detector (HR-EMD) [17] (similarly to [32]), resulting in a preferred and an
anti-preferred direction of target motion. As illustrated in Fig 14A, in the HR-EMDmecha-
nism, two spatially segregated inputs (x1 and x2), separated by distance 𝜙, are correlated (×)
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Fig 14. HR-EMDmechanism leads to directional ESTMD output. (A) The Hassenstein Reichardt EMDmechanism
detects directional motion and produces a positive or negative response, denoted by a Gaussian, corresponding to
the preferred (here rightward, green) or anti-preferred (here leftward, purple) direction. (B) The ESTMD output,
represented as a 2D matrix, is split into two spatially segregated channels (green and purple matrices) that feed into
the HR-EMDmechanism described in (A). The output is then half-wave rectified. In this case, the preferred direction
of target motion is rightwards (green).

https://doi.org/10.1371/journal.pcbi.1012986.g014

after delaying (D) one of the signals. The delay operator, D, like the one used in the Target
matched filtering section in S1 Appendix, is a first-order low-pass filter with a time constant
𝜏D = 40ms. The correlation outputs are then subtracted, resulting in an HR-EMD output that
gives positive output to one direction of motion, and negative output to the other.

The ESTMD output from ‘target matched filtering’ can be represented as a 2D matrix (Top,
Fig 14B). Spatially segregating this matrix by a distance 𝜙, the spatially segregated inputs to
the HR-EMD can be obtained. In this case, the green and purple shaded regions become x1
and x2 respectively (as described in Fig 14A). Finally, the HR-EMD output is passed through
a Rectified Linear Unit (ReLU) block so that the output is non-negative.

TSDN receptive fields
The final STMD output is obtained by spatially pooling directionally-selective ESTMD out-
puts (stage 4 in Fig 13). Barnett et al. [34] found that hoverfly small-field STMD receptive
fields can be roughly expressed as a 2D isotropic Gaussian with 𝜎 = 3°. Thus, to achieve a good
match with hoverfly biology, each STMD pools its inputs from a 2D Gaussian with 𝜎 = 3°. The
receptive fields of multiple STMDs then tile the visual field with their centres separated by 2𝜎
[60,61], resulting in a small overlap (Fig 15A).

The receptive field mapping method for biological TSDNs described in Nicholas and Nord-
ström [11] leads to a coarse TSDN receptive field, shown with a green outline in Fig 15B.
To improve the spatial resolution of the TSDN receptive field to a degree suitable for th
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Fig 15. Constructing STMD receptive fields. (A) Top. The small-field STMD receptive field [34] is modelled as a Gaussian, shown in black. The distance between the
centres of two adjacent receptive fields is then 2𝜎, where 𝜎 is the standard deviation of the Gaussian. Due to the Gaussians overlapping, the effective STMD receptive
field strength is obtained through superposing (linear summating) the Gaussians. The superposed STMD receptive field is shown in red. Below. The STMD receptive
fields at 50% maximum (full width at half maximum; FWHM), shown as circles, are arranged in a square grid. One model STMD receptive field and associated Gaussian
are highlighted in bold. (B) A 34° × 23° cropped patch of the visual field highlighting an example biological TSDN receptive field. The contours at 50% receptive field
strength of the mapped TSDN receptive field (green) and a fitted 2D Gaussian (red). (C) The centres of the STMD receptive fields (red plusses) needed to create the
biological TSDN receptive field in panel B are here overlayed on the 2D Gaussian. (D) The resulting modelled TSDN receptive field reconstructed from the superposed
STMD receptive fields shown in panel C.

https://doi.org/10.1371/journal.pcbi.1012986.g015

modelling, we fitted 2D Gaussians to the coarse biological TSDN receptive fields (red out-
line, Fig 15B). Since we presume that STMDs are presynaptic to TSDNs, we reconstructed the
TSDN receptive field from model STMD receptive fields to ensure the model is TSDN recep-
tive field-size invariant. In this way, since the receptive fields of small-field STMDs are smaller
than those of TSDNs, multiple STMD outputs are pooled to give a single TSDN output. To
calculate the number and locations of STMDs comprising each TSDN, we correlated the tiled
STMDs across the visual field with the location of the TSDN receptive field (using the 50%
Gaussian). In Fig 15C, the resultant STMD centres are shown as red plusses. Thus, by super-
posing the outstanding model STMD receptive fields, a reconstructed model TSDN receptive
field was achieved (Fig 15D).

The widefield STMD used in circuit 3 (Fig 4) was modelled in a similar way to the small-
field STMD. However, the large-field STMD spans over an azimuthal range of 0 – 30° and an
elevation from 30–69° (the upper bound of the visual field stimulated in electrophysiology)
ipsilateral to the TSDN receptive field [10].

Lobula Plate Tangential Cell (LPTC) modelling
Optic-flow sensitive neurons in the fly optic lobe are known as Lobula Plate Tangential Cells
(LPTCs). LPTCs integrate local motion signals from small-field T4 and T5 neurons [62]. In
the absence of motion, spiking LPTCs fire at a spontaneous (baseline) rate and their activity
increases or decreases from this baseline, depending on whether widefield motion is in the
preferred direction (PD) or null direction (ND) (green data, Fig 1). However, the change in
LPTC activity in response to widefield motion is asymmetric and dependent on the direc-
tion of the motion [63], i.e., the increase in LPTC activity is proportionally higher than the
decrease in LPTC activity for the same amount of widefield motion in the preferred and null
directions, respectively (green data, Fig 1).
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We used the classic Hassenstein-Reichardt detector [20,22,23,64] model for our EMDs,
and passed each ON-ON and OFF-OFF combination of inputs through a 2-quadrant-detector
[65], to obtain two EMD outputs – one that has a PD to the right and another to the left
(green and purple respectively in Fig 16). Each EMD output is half-wave rectified and spa-
tially pooled. Spatial pooling creates a uniform directionally selective LPTC receptive field
spanning across all elevations to either side of the azimuthal midline, e.g. left side of the visual
field has LPTC with preferred direction to the left. The resultant ND response is multiplied
by a ratio, 𝛾, before subtracting from the resultant PD response (Fig 16) to provide an LPTC
output. This linear subtraction imbues the LPTC output with an asymmetric sensitivity to
widefield motion.
𝛾 (Fig 16A) is defined as the ratio of maximum increment to maximum decrement of

the LPTC response about the spontaneous rate. The functional equation of the LPTC model
involves the linear subtracted output (encompassed in curly brackets, Fig 16B) being scaled by
a scaling coefficient, g, before being added to a non-zero spontaneous rate, s. The LPTC model
response is clamped at zero as the spiking frequency cannot be negative. The delay operator in

Fig 16. LPTCmodelling (A) The inputs from two spatially-segregated points (x1 and x2) first undergo the same ‘early visual processing’
as the STMDmodel (Fig 13). Using 2-quadrant-detectors where only input combinations of the same contrast polarity are processed
(ON-ON, OFF-OFF), directionally selective EMDs in the preferred direction (PD, green) and null direction (ND, purple) are obtained.
In this case, the PD is to the right and the ND is to the left. The structural motifs in this circuit are the same as those in Fig 14A. (B) The
direction sensitivity and the effect of different velocities of motion (longer and darker arrows denote higher velocity) in the PD and the ND
on the modelled response. The grey arrows denote the direction of motion of the bar. In this case, the PD of motion is to the right, denoted
by the *.

https://doi.org/10.1371/journal.pcbi.1012986.g016

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1012986 October 13, 2025 23/ 30

https://doi.org/10.1371/journal.pcbi.1012986.g016
https://doi.org/10.1371/journal.pcbi.1012986


ID: pcbi.1012986 — 2025/10/16 — page 24 — #24

PLOS COMPUTATIONAL BIOLOGY Understanding the mechanism of facilitation in hoverfly TSDNs

the 2-quadrant-detectors (blank square structural motif, Fig 16A), D, is expressed the same as
in the Target matched filtering section in S1 Appendix, with a time constant, 𝜏D (𝜏D = 40ms).

Electrophysiology
Male Eristalis tenax hoverflies were immobilised at room temperature, ventral side up, using a
mixture of beeswax and resin. A small region of the cuticle was removed at the anterior end of
the thorax to expose the cervical connective. A fine wire hook was placed under the cervical
connective for mechanical support, and a silver wire was inserted into the cavity as a reference
electrode.

Extracellular recordings were made from the cervical connective using a sharp polyimide-
insulated tungsten microelectrode (2MΩ; Microprobes). Data were amplified at 100 gain and
filtered through a 10–3000Hz bandwidth filter using a DAM50 differential amplifier (World
Precision Instruments), with 50Hz noise removed with a Hum Bug (Quest Scientific). Data
were acquired and digitised at 40 kHz using Powerlab 4/30 and LabChart 7 Pro (ADInstru-
ments). Single units were discriminated by amplitude and half-width using Spike Histogram
software (ADInstruments).

During the experiment, hoverflies were positioned perpendicular to and 6.5 cm away from
the middle of a linearised LCD screen (ASUS) with a mean illuminance of 200 lx, a refresh
rate of 165Hz, and a spatial resolution of 2560×1440 pixels (59.5×33.5 cm), giving a projected
screen size of 155° × 138°. Visual stimuli were displayed using custom software written [66] in
MATLAB (version R2019b; MathWorks) using the Psychophysics toolbox [67,68].

TSDNs were identified as described [9]. In short, we mapped the receptive field of each
neuron by scanning a target horizontally and vertically at 20 evenly spaced elevations and
azimuths [1] to calculate the local motion sensitivity and local preferred direction. We then
scanned targets of varying height through the small, dorso–frontal receptive fields to confirm
that each neuron was sharply size tuned with a peak response to targets subtending 3° to 6°,
with no response to larger bars, to looming or widefield stimuli [1,9].

Visual stimuli
To test the effects of background motion on the TSDN response, we displayed targets against
one of three different backgrounds (shown in Fig 17). Unless otherwise mentioned, targets
were black and round with a diameter of 15 pixels (starfield background) or 15× 15 pixels
black squares (cloud and sinusoidal backgrounds), moving at a velocity of 900 pixels/s for
0.48 s. When converted to angular values and taking the small frontal TSDN receptive fields
into account [1], this corresponds to an average diameter of 3° and a velocity of 130°/s [47].
Unless otherwise stated, each target travelled in each neuron’s preferred horizontal direc-
tion (i.e., left or right) and across the centre of its receptive field. The target elevation was
varied slightly between repetitions to minimise habituation [11]. There was a minimum of 4 s
between each stimulus presentation.

The background stimuli all covered the entire visual monitor, i.e. they had a spatial extent
of 2560 × 1440 pixels, corresponding to 155° × 138° [11]:

Starfield a 2D rendering of a simulated 3D environment containing randomly located
spheres. These were perspective corrected to display the optic flow that would be gener-
ated if the hoverfly was sideslipping at 50 cm/s, with size and greyscale indicating their
relative distance from the hoverfly (see ref [14] for more details). Some of the spheres
had the same spatio-temporal characteristics as the target.
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Fig 17. Target-background combinations.The three background stimuli used for both electrophysiology and simulations: (A) Starfield, (B) Cloud, (C) Sinusoidal.
The target for the background in (A) was 15 pixels diameter black dots moving at 900 pixels/s. The targets for the backgrounds in (B,C) were 15 pixels side length black
squares moving at 900 pixels/s. The targets traversed the background in the preferred direction of each TSDN – in this case, to the left. Note that the targets are not to
scale.

https://doi.org/10.1371/journal.pcbi.1012986.g017

Cloud a greyscale background with a 2D power spectrum similar to that of typical nat-
ural scenes and a mean luminance of ∼ 128 where luminance ∈ [0, 255] [47] with a
Michelson contrast of 100% (see ref [7] for more details).

Sinusoidal a vertical sinusoidal grating with an average wavelength of 7°, drifting at 5Hz,
and a Michelson contrast of 25%.

For each background, four conditions were tested. (1) ‘alone’: the target moved across
a homogeneous white (control for starfield) or grey (controls for cloud and sinusoidal)
background; (2) ‘stationary’: the target moved over a non-moving background; (3) ‘syn’-
directional: the background moved in the same direction as the target; (4) ‘contra’-directional:
the background moved in the opposite direction to the target. The same stimuli shown to the
hoverflies were also presented to the model as a sequence of images, each presented for 1ms.

Data analysis and statistics
We recorded from N=10 TSDNs (cloud) and N=6 TSDNs (sinusoidal) in 16 male hoverflies.
We kept data from all TSDNs that showed a robust response to a target moving over a white
background. We repeated this control throughout the recording and only kept data from neu-
rons that responded consistently. We only kept data from experiments with a minimum of 12
repetitions. The data from repetitions within a neuron were converted to rates and averaged
per condition. We normalised the responses to each neuron’s own mean response to a target
moving over a white or grey background.

To compare the TSDN spike trains with the output of our rate-based model, we convolved
them with Gaussian kernels to obtain a Spike Density Function (SDF) [69]:

s(t) =∑
i
𝜅(t – ti) (1)

𝜅(t) = 1
𝜎
√
2𝜋

exp(– t2

2𝜎2 ) (2)
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where ti are the times of individual spike and 𝜎 = 20ms is the standard deviation of the Gaus-
sian kernel 𝜅.

Data analysis of electrophysiology data was performed in MATLAB. Throughout the
paper, n refers to the number of repetitions within one neuron and N to the number of neu-
rons. The sample size, type of test, and P value are indicated in the corresponding figure
legends. For the cloud and sinusoidal electrophysiological recordings (Fig 7), paired t-tests
or one-way ANOVAs, followed by Dunnett’s post hoc test for multiple comparisons, were
used (using Prism 10.4.1 for Mac OS X (GraphPad Software)). For the preceding optic flow
(Fig 10; S1 Video) and dot density results (Fig 12; S2 Video), one-way ANOVA followed by
two-sample t-tests with Bonferroni correction for multiple comparisons was used.

TSDN candidate circuit cost function
In the electrophysiology experiments, the target elevation was varied slightly between rep-
etitions to minimise habituation (Section Visual stimuli, Nicholas and Nordström [11]). At
each target elevation, a single time-series produced by our circuit was compared against the
repetition-averaged time series of spike rates obtained from our electrophysiological record-
ings (see section Data analysis and statistics) to give a root-mean-square error (RMSE). The
RMSEs from each dimension of the electrophysiology recordings were averaged, i.e., over ele-
vations (E), conditions (C), e.g., ‘alone’ or ‘stationary’, and neurons (N). Thus, the total RMSE
(RMSEtotal) that a circuit yields is expressed as:

RMSEtotal =
1

NCE

N
∑
n=0

C
∑
c=0

E
∑
e=0

¿
ÁÁÀ 1

T

T
∑
t=0
(ycircuitt,e,c,n – yephyst,e,c,n)2

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
RMSE per target elevation

(3)

where ycircuit is the deterministic circuit output and yephys is the repetition-averaged TSDN
spike rates – both time-series. When fitting against the starfield background, the aim was to
minimise the RMSEtotal to obtain the optimal circuit and LPTC coefficients (𝛼, 𝛽, 𝜅, 𝜂, g, 𝛾
and s) (Fig 16, Table 1). However, when testing the performance of the circuits against the
cloud and sinusoidal backgrounds, we used the RMSEtotal for each circuit normalised by the
RMSEtotal of the ‘STMD only’ circuit (Fig 5).

Supporting information
S1 Appendix. Implementation details of the ESTMDmodel.
(PDF)

S1 Video. Example preceding optic flow video. Video at 60 fps of an example stimulus used
in the preceding optic flow experiments. The preceding optic flow is contra-directional (right-
ward) while the concurrent optic flow is stationary. The target moves leftward. The black
ellipse indicates the boundary of the particular TSDN’s receptive field at 50% of the maximum
response. Data from [11].
(MP4)

S2 Video. Example dot density video. Video at 60 fps of an example stimulus used in the dot
density experiments. The starfield background has a dot density of 500 dots/m3 and is mov-
ing contra-directional to the target (rightward). The target moves leftward. The black ellipse
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indicates the boundary of the particular TSDN’s receptive field at 50% of the maximum
response. Data from [11].
(MP4)
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