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Abstract

Our intuition suggests that when a movie is played in reverse, our perception of motion in the
reversed movie will be perfectly inverted compared to the original. This intuition is also reflected
in many classical theoretical and practical models of motion detection. However, here we
demonstrate that this symmetry of motion perception upon time reversal is often broken in real
visual systems. In this work, we designed a set of visual stimuli to investigate how stimulus
symmetries affect time reversal symmetry breaking in the fruit fly Drosophila’s well-studied
optomotor rotation behavior. We discovered a suite of new stimuli with a wide variety of
different properties that can lead to broken time reversal symmetries in fly behavioral responses.
We then trained neural network models to predict the velocity of scenes with both natural and
artificial contrast distributions. Training with naturalistic contrast distributions yielded models
that break time reversal symmetry, even when the training data was time reversal symmetric. We
show analytically and numerically that the breaking of time reversal symmetry in the model
responses can arise from contrast asymmetry in the training data, but can also arise from other
features of the contrast distribution. Furthermore, shallower neural network models can exhibit
stronger symmetry breaking than deeper ones, suggesting that less flexible neural networks
promote some forms of time reversal symmetry breaking. Overall, these results reveal a
surprising feature of biological motion detectors and suggest that it could arise from constrained
optimization in natural environments.

Significance

In neuroscience, symmetries can tell us about the computations being performed by a circuit. In
vision, for instance, one might expect that when a movie is played backward, one’s motion
percepts should all be reversed. Exact perceptual reversal would indicate a time reversal
symmetry, but surprisingly, real visual systems break this symmetry. In this research, we
designed visual stimuli to probe different symmetries in motion detection and identify features
that lead to symmetry breaking in motion percepts. We discovered that symmetry breaking in
motion detection depends strongly on both the detector’s architecture and how it is optimized.
Interestingly, we find analytically and in simulations that time reversal symmetries are broken in
systems optimized to perform with natural inputs.
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Introduction

Imagine a movie of a car driving (Fig. 1A). The car travels into frame from the left, drives along
a road, and continues out of frame on the right. Now, imagine the same video, but played in
reverse. The car reverses from right to left. The car, originally moving rightwards, has reversed
direction and is now moving leftwards. Intuitively, when we reverse time, it seems that our
motion percepts should reverse as well (Fig. 1B). It is not just our intuition: if we define velocity
as displacement over time, playing the movie backward in fact results in equal and opposite
velocities everywhere.

Indeed, classical models for biological motion detection match our intuition and produce
symmetric responses upon time reversal. The Hassenstein-Reichardt correlator model and the
motion energy model, for instance, both estimate the direction and speed of visual motion by
computing and averaging pairwise correlations in light intensity over space and time (1, 2).
When a stimulus is played in reverse to these models, their output is exactly inverted from when
that stimulus is played forward in time (Appendix 1). Other models that are optimized to
estimate visual motion have similar properties. In particular, a Bayesian model for motion
estimation (3) gives a limiting solution that looks like a gradient detector and reverses under
stimulus time reversal (Appendix 1). One of the most widespread machine-vision techniques for
estimating visual motion, the Lucas-Kanade method (4), computes an estimate for local
velocities with a method that gives an opposite result when input movies are reversed in time
(Appendix 1). Thus, a formidable suite of visual motion estimation models, in addition to our
intuition, obey what we will call response time reversal symmetry, since reversing time in the
stimulus reverses the response, measured by a percept or model output.

However, these models and our intuition stand in contrast to motion perception in real biological
circuits, in which responses frequently break time reversal symmetry (see Figs. 1, S1, S2 for
examples).

Symmetries and broken symmetries play an important role in understanding the world and the
mathematics used to describe it. In physics, symmetries and invariances play an outsized role in
understanding the equations that govern physical phenomena (5, 6). In neuroscience, interesting
neural processing properties are often the result of maintaining or breaking symmetries. In visual
processing in particular, symmetries and asymmetries of the natural world end up reflected in
neural computations. For instance, the translation invariance of visual stimuli across the visual
field is reflected in the tiling of feature detectors in vertebrates and invertebrates across visual
space (7). In orientation detectors in mammalian cortex, rotational symmetry is broken, so that
there are more cells aligned with vertical and horizontal orientations, in agreement with natural
scene statistics (8). Also in mammalian cortex, space reversal symmetry, or left-right symmetry,
is broken during retinal development to favor front-to-back visual motion that coincides with
optic flow due to forward movement (9). Light-dark symmetry is broken in natural scenes, and
this is reflected in the number of ON and OFF channels in retina (10) as well as in algorithms for
motion detection in flies and vertebrates (11, 12). Moreover, in artificial neural networks,
symmetries of the data and the network play critical roles in understanding how machine
learning architectures work (13).
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95  Time reversal symmetry has been underappreciated in neuroscience, even though it is critical to
96 understanding dynamical systems like neural circuits (14, 15). Here, we investigate time reversal
97  symmetry breaking in visual motion detection in the fruit fly Drosophila. Our goal is to
98 understand the conditions under which a motion percept does not simply reverse when a stimulus
99 s played backward in time. In this study, we first evaluated time reversal symmetry breaking in
100  responses to previously used visual stimuli. We then developed novel methods to allow us to
101 investigate the properties of stimuli that break time reversal symmetry in motion percepts. Using
102  these methods, we discovered a host of new stimuli that break time reversal symmetry in fly
103  motion percepts. To better understand this symmetry breaking, we optimized a suite of simple
104  motion detection models to investigate what properties of those models and their training data
105  result in breaking time reversal symmetry in the model response. We then derived analytically a
106  necessary condition for time reversal symmetry breaking in motion detection. Overall, we have
107  found that motion detection mixes the symmetries in natural scenes; algorithms optimized to
108  detect motion in scenes with non-Gaussian contrasts can break time reversal symmetry, even
109  when time reversal symmetry is maintained in the training data. Our results show how
110  optimization can result in unintuitive regimes of symmetry breaking in neural networks.
111
112 Results
113
114 Certain stimuli elicit behavioral responses that break time reversal symmetry
115  We have found a variety of visual stimuli that break response time reversal symmetry (Fig. 1). To
116  examine directional percepts, we tethered Drosophila vinegar flies above an air-suspended ball,
117  surrounded by a panoramic display (Fig. 1C) (16). This behavioral assay takes advantage of the
118  optomotor turning response, in which flies and other insects turn in the direction of perceived
119  motion presented across the visual field (1). Some commonly used stimuli, like drifting
120  sinusoidal contrast gratings, do obey time reversal symmetry (Fig. 1D). That is, when the drifting
121  grating is played in reverse, the turning response exactly reverses, in line with intuition and with
122 the models discussed earlier (see Methods, Appendix 1).
123
124 One simple stimulus that elicits percepts that break time reversal symmetry is a stationary
125  sawtooth in contrast (Fig. 1E), which elicits motion percepts in humans (17), primates (18), cats
126 (19), fish (20), and flies (21). (This sawtooth stimulus and a different version of this stimulus,
127  designed to create strong illusory motion percept in humans, are shown in Supp. Fig. S1 (22).)
128  Since this stimulus is stationary, it is identical when played forward or backward, so any net
129  turning response to this stimulus will break time reversal symmetry. Indeed, flies turn in response
130 to this stationary stimulus (Fig. 1E), and prior work has shown that this response requires visual
131  neurons that detect motion (21). Flies also respond to non-stationary versions of this stimulus in
132 ways that break time reversal symmetry (Supp. Fig. S2).
133
134 Other stimuli with strong local motion signals can also elicit behaviors that break time reversal
135  symmetry. For instance, a stimulus consisting of local light edges elicits turning with opposite
136  sign when it is reversed in time, but the turning strengths are not equal (Fig. 1F), so this also
137  breaks time reversal response symmetry. This response symmetry can also be broken with a rigid
138  rotation of a pattern. A periodic square wave grating with light and dark bars of unequal widths
139  can elicit responses that are not time reversal symmetric (Fig. 1G). This drifting stimulus,
140  similarly to the local light edge stimulus, elicits opposite but unequal turning upon time reversal.
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141  Additional stimuli, including ones that are identical when played forward and backward and that
142 include oppositely oriented light and dark edges (23), also lead to behavior that breaks time

143  reversal symmetry (Fig. S2).

144

145  Examining the full suite of stimulus symmetries

146  The stimuli examined so far result in behavior that breaks time reversal symmetry, but it is less
147  clear what properties a stimulus must have to generate responses that break this symmetry. To
148  analyze what stimulus properties are involved, we began by defining three symmetries in our
149  stimuli: time reversal, space reversal, and contrast reversal. A stimulus possesses a specific

150 symmetry if, when that operation is applied, the stimulus is identical, up to a phase shift in space
151  or time (Fig. 2A). For instance, a drifting sinusoidal grating (Fig. 1D, 2A) shows a contrast

152  symmetry, since when contrast is reversed, the resulting stimulus is identical to the original up to
153  aphase shift. We represent the time reversal operator as 0, the contrast reversal operator as I,
154  and the space reversal operator as y (see Methods for definitions). Once an operator is applied to
155  astimulus S, we represent the altered stimulus with a left subscript: in other words, I'[S| = S.

156  In this notation, the stimulus S is said to be contrast, time, and space reversal symmetric if 7S =
157 S, '65 S,and *; S S, respectively. Time reversal, contrast reversal, and space reversal are
158 commutative and consequently can be noted as sequential left subscripts: for instance, G)[F ] =

159  T[0[S]]| = rsS = ¢S- The response, R[S], represents the integrated turning response of flies to
160  the stimulus S. The drifting sinusoid possesses contrast symmetry (I' symmetry), space-time

161  symmetry (y® symmetry), and contrast-space-time symmetry (I'y® symmetry) (Fig. 2A).

162

163  We catalogued the symmetries in the initial stimuli we examined (Figs. 1, S2) and found that
164  these stimuli covered a relatively small fraction of all possible symmetry combinations (Table 1,
|165 top). Some symmetries, especially space-contrast ( XFS = §), appeared over-represented among
166  those that resulted in behavior that broke time reversal symmetry.

167

168  To examine how stimulus symmetries affect the response symmetries, we set out to design a

169  suite of stimuli that could fill in all possible combinations of symmetries in Table 1. To do that,
170  we established a new method to design edge-tile stimuli (see Methods). These stimuli use edge-
171  tiles that contain either light or dark edges, moving either to the right or to the left (Fig. 2B).

172 After arranging groups of 8 individual edge-tiles into rectangular unit cells, we could tesselate
173  the unit cells in space and time (Fig. 2C, D). Since there are 4 possible edge-tiles at each location
|174 in the unit cell, there are 48 = 65,536 possible unit cells, or patterns, though not all result in
175  unique stimuli after tessellation. To check for different symmetries in stimuli made with each
176  pattern, we compared the stimulus transformed with the symmetry operators to the original

177  stimulus at all possible phase shifts (for most patterns, 4 in space, 2 in time; see Methods). If the
178  transformed and original stimuli contain the identical unit cell at some phase offset, then the

179  stimulus possesses that symmetry. For each unit cell, we enumerated whether it has a space

180 reversal symmetry, time reversal symmetry, contrast reversal symmetry, or various combinations
181  of these (Fig. 2C, D).

182

183  Next, we selected 24 different edge-tile stimulus patterns to test on flies. For each possible

184  combination of symmetries, we chose two patterns (Table 1, bottom). Four patterns were chosen
185  with no symmetries. Where possible, the specific patterns were selected to minimize contrast
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186  discontinuities in time, for instance a dark region that instantaneously becomes light. Also where
187  possible, stimuli for each combination of symmetries were selected to cover cases where stimuli
188  had both non-zero and zero net motion when averaged over time and space.

189

190  Fly responses to certain edge-tile patterns break time reversal symmetry

191  We presented each of the chosen edge-tile patterns to wildtype Drosophila melanogaster flies.
192  Since the patterns have only one spatial dimension, we presented them on screens by replicating
193  the same pattern on all pixel rows vertically (see Movie 1). Flies responded to many of these
194  stimuli, turning on average more in one direction than in the other (Fig. 3A, B). As we did

195  before, we averaged the turning responses over time and over trials to obtain a single mean

196  response to each stimulus for each fly (Fig. S3). We began by examining responses to two

|197 example stimuli, S, and S,,, which elicited responses that broke time reversal symmetry (Fig.
198 3A, B). We plotted responses to different presentations of the stimuli (Fig. 3i, ii). To analyze
199  symmetry breaking in these responses, we defined three metrics to identify time, contrast, and
200 time-contrast reversal symmetry breaking (Fig. 3iii). First, the time reversal symmetry metric: a
201  response breaks time reversal symmetry if the response to the stimulus played forward plus the

|202 response to it played backward is different from zero, that is, when the metric, R[S] + R[5S], is
203  different from 0. This formulation is the same definition used in our earlier analysis (Fig. 1).
204  Second, since one might expect reversing contrast not to change motion percepts, we define the
205  contrast reversal symmetry metric differently: a response breaks contrast reversal symmetry if
206  the response to the stimulus minus the response to the contrast reversed stimulus is different
|207 from zero, that is, when the metric R[S] — R[#S] # 0. Breaking contrast-time reversal happens
208  when the response to the stimulus plus the response to its contrast and time reversed variant is
o9 different from zero, that is, when the metric R[S] + R[[4S] # 0. When these metrics were

210  statistically significantly different from zero, we judged the symmetry broken for that stimulus
211 (Fig. 3iii). We did not test for space reversal symmetry: when mounting flies, we expect some
212 mild left-right asymmetries in how they are mounted, which we do not want to mistake for true
213 biological asymmetries. Thus, we compute fly responses as half of their turning to the stimulus
214 presented clockwise minus half their turning when it is presented counter-clockwise (see

215  Methods). This eliminates potential experimental asymmetry and also prevents us from

216  measuring space reversal symmetry breaking in the response.

217

218  Summarizing responses to stimuli with different symmetries

219  To better understand how specific symmetries in the stimuli influenced responses, we first sorted
220  the stimuli in order of the strength of time reversal symmetry metric and time-contrast reversal
221  symmetry metric (Fig. 4A,B). To do this, we plotted the signed symmetry metrics for each

|222 stimulus: R[S] + R[’sS] and R[S] + R[S]. Given asymmetries in the fly’s turning to light and
223 dark edges (Fig. 1) (11, 23-26), one might hypothesize that the turning to our edge-tile patterns
224 could be predicted just by examining the number of light and dark edges. However, we did not
225  observe any obvious patterns in the strength of the symmetry breaking as a function of the net
226  number of light and dark edges in the stimuli.

227

228  To more quantitatively assess the relationship between the time reversal symmetry metric and the
229  count of light and dark edges in the stimuli, we fit linear models to predict the metric by

230  weighting the net light and dark edge count in the edge-tile stimuli. The linear models accounted
231  for 23% and 0.1% of the variance in the time reversal symmetry and time-contrast reversal
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232 symmetry metrics. Significant positive weighting was placed on the net dark edges in the case of
233 time reversal symmetry (Fig. 4A). No significant weighting was placed on net light or dark

234 edges in the case of time-contrast reversal symmetry (Fig. 4B). No constant bias term was fit in
235  the model, as we expect rightward edges of a given polarity to yield the exact opposite percept as
|236 leftward edges of the same polarity. Notably, the stimulus S;4 had net 0 light and dark edges but
237  fly responses showed strong symmetry breaking with stimulus time reversal. The six strongest
238  responses breaking time-contrast symmetry all also had net zero light and dark edges. Similarly,
239  many stimuli that broke contrast reversal symmetry in responses also had no net light or dark
240  edges (Supp. Fig. S4). Because light and dark edge counts do not predict time reversal symmetry
241  breaking of behavioral responses, the phenomenon is not simply a result of differing strengths of
242 responses to light and dark edges (see also Supp. Fig. S2 for a non-predictive example).

243

244 We next examined how different stimulus symmetries impacted the strength of response

245  symmetry breaking. Since the symmetries in a stimulus have no direction, we flipped all the

246  measured metrics to have a mean positive response (Fig. 4C, D). We could then ask how the

247  stimulus symmetries affected the amplitude of the symmetry metrics for both time reversal and
248  time-contrast reversal symmetries. Again, we did not see an obvious pattern in the stimulus

249  symmetries that elicited the strongest response symmetry breaking. We therefore fit linear

250 models to predict the strength of the symmetry breaking from the suite of stimulus symmetries.
251  These models predicted 24% and 51% of the variance in the time reversal and time-contrast

252  reversal behavioral symmetry breaking. The most significant weight was a negative weighting on
253  time-space-contrast symmetry for the response time reversal symmetry breaking (Fig. 4C) and a
254  positive weighting on time-contrast symmetry for the response time-contrast reversal symmetry
255  breaking (Fig. 4D). This second case shows that flies exhibited net turning to stimuli that were
256  identical when transformed by reversing both time and contrast. This is conceptually similar to
257  flies turning to stimuli that are identical under time reversal (Figs. 1, S2). Overall, stimulus

258  symmetries showed some correlations but did not yield definitive contributions of specific

259  properties to breaking time reversal symmetry in fly behavior.

260

261  Optimized neural networks predict stimulus velocity

262  Stimulus symmetries did not to provide definitive answers about what stimulus features produce
263  responses that break time reversal symmetry, so we opted to take a parallel approach. In this

264  approach, instead of focusing on stimulus properties directly, we worked to understand what

265  factors cause certain motion detectors to break time reversal symmetry. Biological motion

266  detectors have evolved under natural selection, and we wondered how that process of

267  optimization could influence time reversal symmetry breaking in responses. We thus set out to
268  construct neural network models and train them to predict the velocity of a scene. Our goal was
269  not to exactly reproduce the fly’s visual responses, but rather to understand what features of the
270  neural network and training regime result in breaking the response’s time reversal symmetry.

271

272 We began by creating a set of synthetic motion stimuli by rigidly translating panoramic images
273 from a database of natural scenes (27) (Fig. SA). For simplicity, we considered only motion in
274  the horizontal direction, mimicking the fly’s rotation in the yaw dimension that we measured in
275  our earlier experiments. Velocity trajectories were drawn from a Gaussian distribution with a
276  correlation half-decay time of 200 ms (Fig. 5SB). Critically, this dataset is statistically identical
277  when played forward or backward in time, so any time reversal symmetry breaking observed in
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278  model responses cannot be the result of broken time reversal symmetry in the training data. For
279  each data sample with a certain velocity trace (Fig. SB), we created a counterpart with spatial
280  coordinates reversed horizontally so that the training dataset had perfect left-right symmetry

281  (Fig. 5C). We then trained convolutional neural network models on this motion dataset, so that
282  the models predicted the instantaneous scene velocity based on recent observations of the

283  stimulus contrast over time (Fig. 5C). We began with a simple model, which also resembles the
284  motion detectors in the fly eye. This model had two channels that each received inputs from three
285  adjacent points in space, resembling the ON and OFF motion detectors in the fly’s eye (25, 28).
286  This model is similar to prior models used in simulations (29) and task optimization (30). The
287  training converged after ~300 epochs (Supp. Fig. S5) and typical trained models predicted ~90%
288  of the variance in scene velocity of a hold-out test dataset (Supp. Fig. S5). Since these models
289  have no unique optimized solution, we trained 500 models, each with different initializations, to
290  generate a rich group of trained motion detectors to analyze.

291

292  Optimized model responses break time reversal symmetry

293  To investigate time reversal symmetry in the responses of these trained models, we tested them
294  on three synthetic stimuli that had resulted in time reversal symmetry breaking in fly behavior
295 (Fig. 5D, E, F): (1) moving light edges and their time reversed counterparts; (2) stationary

|296 sawtooth contrast stimuli; and (3) the stimulus S;,, which elicited strong turning responses and
297  possesses time, contrast, and time-contrast reversal symmetry.

298

299  The trained models responded more strongly to light edges than to time-reversed light edges

300 (dark edges), indicating that they had broken time reversal symmetry in their responses (Fig.
301 5G). The degree of symmetry breaking here was measured by the time reversal symmetry metric

bOZ for the model’s response, Ry [S] + Ry [@S ], where Ry, is the model’s response. This metric

303  would be zero for a response showing time reversal symmetry and non-zero otherwise.

304

BOS When presented with a stationary sawtooth stimulus or with the stimulus S; 4, a model with

306 perfect time reversal symmetry will generate a response of zero, while a model that breaks time
307 reversal symmetry will have a non-zero response. When our trained models were presented with
b08 sawtooth stimuli or S;4, they had non-zero responses and time reversal symmetry metrics (Fig.
309 5H, ), indicating the responses broke time reversal symmetry.

310

311  For all three stimuli, these trained models broke time reversal symmetry in the same direction as

EIZ the fly data (Figs. 1, 4): the model’s time reversal symmetry metrics, Ry [S| + Ry, [@S ], were the

13 same sign as the fly’s metrics, R[S]| + R['3S] (Fig. 1). However, this agreement should not be
314  viewed as significant, since it depends on the stimulus parameters used, such as contrast levels
315  (Supp. Fig. S5). Rather, the important result is that these trained models broke time reversal
316  symmetry.

317

318  Time reversal symmetry breaking depends on the contrast distribution in the training data

319  We wanted to understand which properties of the models and the training data led to breaking
320 time reversal symmetry in the responses. We therefore created synthetic image datasets with

321  contrast distributions different from the natural scenes we used earlier (Fig. 6A). In natural

322  scenes, the distribution of the pixel contrast values is right-skewed and highly kurtotic (Fig. 6A)
323 (31). This skew has been proposed to explain a suite of fly directional behavioral responses (32).
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324  We therefore decided to manipulate the pixel distribution in the training data to see how it affects
325 response time reversal symmetry breaking. To do this, we created three synthetic training

326  datasets (Fig. 6A). The first one simply reversed the sign of the pixel values of the natural scene
327  training set. The second one randomized the phases of Fourier components of the natural scene
328 images, which resulted in images that had symmetric but non-Gaussian pixel value distributions,
329 retaining the spatial correlations of the original images. A third synthetic dataset was created by
330 randomly sampling pixel values from a Gaussian distribution. In the two randomized datasets,
331 the pixel variance was chosen to match the variance in the natural scenes.

332

333  Next, we trained our simple model on these three sets of synthetic scenes. All the trained models
334  could perform well on their corresponding test datasets, often predicting 90% of the velocity
335  variance (Supp. Fig. S6). To test whether these new training datasets resulted in models whose
336  responses broke time reversal symmetry, we then presented the trained models with the edge
b37 stimulus, the stationary sawtooth stimulus, and S;,. When presented with edges or with the

338  sawtooth stimulus, which possess contrast asymmetries, the models trained on the contrast

339 reversed natural scene data broke time reversal symmetry, but in the opposite direction of the
340 models trained on the original natural scene data (Fig. 6B, C). For those same stimuli, the

341 models trained with phase randomized and Gaussian scenes had responses that preserved time
b42 reversal symmetry (Fig. 6B, C). In the case of S;,, which is itself contrast reversal symmetric,
343 the contrast reversed and natural scene trained models gave similar responses, which broke time
344  reversal symmetry (Fig. 6D). Interestingly, the models trained on phase randomized and

345  Gaussian scenes also had responses that broke time reversal symmetry, though less strongly than
346  the other two datasets, since the time reversal symmetry metric was closer to 0 (Fig. 6D).

347

348  We quantified the degree of response symmetry breaking by finding the mean absolute deviation
349  from O of the time reversal symmetry metric over all the models trained on each dataset (Fig. 6E,
350 F, G). This confirmed the strong symmetry breaking by models trained on natural scene

351  statistics, and the negligible symmetry breaking by models trained on the phase randomized and
BSZ Gaussian scenes, except in the case of Sy 4.

353

354  Last, we wanted to understand how model architecture influenced the degree of time reversal
355  symmetry breaking. We therefore trained models that had different numbers of channels and

356 layers (Fig. 6H). We trained these models on the four datasets and measured the degree of time
357 reversal symmetry by the mean absolute deviation from 0 of the time reversal symmetry metric
358  of the optimized model responses. Interestingly, as we increased the number of layers, the

359  models trained on the natural scenes and reversed contrast scenes tended to become more time
360 reversal symmetric for the edges and sawtooth stimuli, while models trained on phase

361 randomized and Gaussian scenes remained time reversal symmetric (Fig. 61, J, Supp. Fig. S6).
B62 For S;4, all models but the one trained on Gaussian scenes continued to break time reversal

363  symmetry even as their depth increased (Fig. 6K). Thus, the more expressive models trained on
364  natural scenes tended to break time reversal symmetries less than shallower models for the

365  contrast asymmetric stimuli. Meanwhile, models trained on natural and phase randomized scenes
b66 broke time reversal symmetry for S, ,, while Gaussian scenes never resulted in trained models
367  breaking time reversal symmetry.

368
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369  To better understand these results, we also derived an analytical result for motion detectors that
370 rely on different orders of correlations in the stimulus (Appendix 2). We found that spatially
371  mirror symmetric detectors that rely on only pairwise correlations must be time reversal

372  symmetric, while those relying on higher order correlations may break time reversal symmetry.
373  Since motion detectors can use higher order correlations, if present, to best estimate motion (12),
374  our analytical result suggests that the non-Gaussianity of the stimulus contrast is required (but
375 not necessarily sufficient) for trained models to break time reversal symmetry with a given

376  stimulus, in agreement with our numerical results (Fig. 6).

377

378  Discussion

379

380  This research shows that fly motion detection algorithms break time reversal symmetry, that is,
381 there are stimuli for which the response to the time reversed stimulus is not equal and opposite to
382  the response to the original stimulus (Figs. 1, 3, 4). This property of the response does not seem
383  to depend strongly on the symmetry features of the stimulus (Fig. 4, Supp. Fig. S4). However,
384  machine learning and analytical models for motion detection each show that contrast

385 asymmetries and higher-order correlations in training data can lead motion detection algorithms
386 to break time reversal symmetry (Figs. S, 6, Appendix 2). Interestingly, model complexity seems
387  to suppress some types of time reversal symmetry breaking but not others (Fig. 6).

388

389  Time reversal is an under-studied symmetry in neuroscience. Some studies have used movies
390 played in reverse to understand the encoding and different timescales of integration of human
391  brain regions (33). Other studies have examined reversibility of dynamics in fMRI and in retinal
392  recordings, where reversibility can be quantified in the degree to which state transitions obey
393  detailed balance (34-37). Those studies found that the reversibility of neural dynamics can

394  depend on stimulus and task, as well as on brain region. The framework presented here is distinct
395 from prior work on reversibility in that it asks not about microscopic state transitions, but rather
396  about the overall low-dimensional output of a well-studied neural computation. The symmetry
397  breaking studied here requires the dynamical system to be driven and asks how its behavior

398 changes under symmetry transformations of the driving stimulus. These properties appear

399 distinct from microscopic reversibility. It would be interesting to pursue how algorithmic

400 frameworks for neural computation relate to the state-space frameworks in terms of reversibility.
401

402  Response time reversal symmetry breaking and light-dark asymmetrical processing

403  Both flies and humans process visual motion with algorithms that incorporate light-dark

404  asymmetries (11, 38-40). The light-dark asymmetric processing has often been understood as
405 reflecting optimization to natural scene statistics (12, 31, 32, 41). Is broken time reversal

406 symmetry in motion responses simply another view of this contrast asymmetry in motion

407  processing? The phenomena are related, but time reversal symmetry breaking is a broader

408  category than the light-dark processing differences. Two lines of evidence point to a definitive
|409 distinction between the phenomena. First, the stimuli S;, and S, are each contrast reversal

410  symmetric but both result in responses that strongly break time reversal symmetry (Figure 4).
411  These two examples demonstrate that time reversal symmetry breaking can occur even when all
412  contrasts are balanced. Second, a large number of stimuli did not yield symmetrical responses
413  under simultaneous contrast and time reversal (Figure 4). This double transformation of the

414  stimulus reverses time and changes all edge types from light to dark and vice versa. The time
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415  reversal transforms light edges into dark ones, but then the contrast reversal transforms them
416  back to light ones. Thus, responses that do not exactly invert under contrast-time reversal must
417  also result from mechanisms that are distinct from mere differences in responses to light and dark
418 moving edges. In sum, motion detectors with light-dark asymmetric responses must break time
419  reversal symmetry, but time reversal symmetry breaking does not imply light-dark asymmetric
420  responses. Thus, there is a broad set of stimuli that result in broken time reversal symmetry in
421  responses, even when there is no light-dark asymmetry in the response (Fig. 4, Fig. 6).

422

423  Mixing asymmetries in shallow networks

424  In interpreting machine learning models, we often expect symmetries in the training data to be
425  reflected in the model. For instance, if training data for an orientation detector were isotropically
426  distributed, we would expect an isotropic model, detecting all orientations equally. In fact, when
427  that rotational symmetry is broken in a trained model, it is interpreted as reflecting the same

428  broken symmetry in the stimulus (8). Interestingly, in the case we have studied here, time

429  reversal symmetry in responses was not broken in our trained models by a broken time reversal
430 symmetry in the training data — by construction, our training stimuli were time reversal

431  symmetric (Figure 5). Instead, asymmetries and non-Gaussianity in the stimulus contrast

432  distribution led to time reversal symmetry breaking. This mixing of contrast statistics with time
433  reversal is clear in our analytical derivation (Appendix 2).

434

435  Optimization and response symmetry breaking

436  Comparisons with optimized systems have proven useful in understanding the structure of

437  motion detecting circuits and algorithms (42). A Bayes optimal motion detector will be sensitive
438  to higher order correlations in the inputs over time and space (12), and our analytical result

439  suggests that this sensitivity can cause a motion detector to break time reversal symmetry

440 (Appendix 2). Our artificial neural networks use threshold linear rectifiers (Fig. 5, 6), which
441  gives them access to both the second order correlations in canonical models and to higher order
442  ones (31). Our results show that optimizing shallow neural networks to estimate velocity with
443  natural scene inputs leads to time reversal symmetry breaking (Figures 5, 6), suggesting that
444  optimization to natural scenes could explain the time reversal symmetry breaking in the fly.

445  Deeper, more expressive networks tended to reduce time-reversal symmetry breaking associated
446  with contrast asymmetries (Figure 6). However, they did not reduce the response time reversal
447  symmetry breaking of a stimulus that was light-dark symmetric. The deeper networks may be
448  Dbetter able to extract the latent variable of velocity without considering the nuisance structure of
449  the scene itself, but the specific symmetries retained or broken depend on the stimuli examined.
450

451  The trained artificial neural networks do not reproduce fly percepts

452  We investigated how neural network architecture and training impact their time reversal

453  symmetry to stimuli. Although the optimized networks taught us about the conditions that lead to
454  breaking time reversal symmetry in responses, they produced responses that could or could not
455  match the direction of the fly’s responses, depending on the stimulus parameters (Supp. Fig. S5).
456  Prior work has shown that task optimization can recover features of the fly’s motion processing,
457  especially when connectomic constraints are incorporated (30, 43). However, the tests here may
458  depend on more subtle differences in processing than the comparisons made in prior work. The
459  differences between artificial networks and the fly behavior could arise because our neural

460 networks are missing response properties that constrain the fly’s responses: processing gain

10
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461  changes with luminance (44), temporal and spatial contrast adaptation (45, 46), and synaptic

462  nonlinearities in motion detectors (29, 47-49). It seems a priori unlikely that a relatively narrow,
463  shallow neural network using threshold-linear activation functions but trained on naturalistic data
464  would produce net responses to specific visual stimuli similar to the full biological network’s
465  behavioral output.

466

467  There are many structural (7), circuit (50), and computational (51, 52) parallels between flies and
468 mammals in visual and motion processing. The artificial neural network studies here suggest that
469  processing that breaks time reversal symmetry could arise naturally from an optimization

470  process. It will therefore be interesting to examine patterns in how visual percepts break time
471  reversal symmetry across phyla. The similar responses of flies and humans to peripheral drift
472  illusions (17, 21), which break time reversal symmetry, suggest that other stimuli could also

473  elicit similar responses.

474

475  Overall, this study has shown that biological motion detectors can break time reversal symmetry
476  under a variety of conditions. In simulations, we showed that this broken symmetry can reflect
477  constraints on the algorithm and its tuning to the input contrast distributions. Time reversal

478  symmetry has been largely neglected in understanding sensory processing, but investigating

479  when it is preserved or broken can help uncover the structure of sensory computations and how
480 they are tuned to their inputs.

481
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493  Figure 1. Fly behavioral responses to some stimuli break time reversal symmetry.
494 A. A movie of a car driving forward and rightward becomes a car driving backward and

495 leftward when played in reverse.
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Under time reversal symmetry, the magnitude and direction of motion in a movie is equal
and opposite to that when it is reversed in time. Time reversal symmetry of the motion
percept is broken when perceived motion vectors are not equal and opposite.

Motion perception in Drosophila was measured with optomotor turning. Tethered flies
were placed above air-supported balls while time forward and time reversed stimuli were
projected onto panoramic displays. Fly turning was measured by rotation of the ball.
Responses to drifting sine wave gratings played time forward and time reversed (/ef?).
Time traces of mean and SEM fly response to each (fop right). Time traces were averaged
to obtain the mean response during the stimulus presentation (bottom). Time reversal
symmetry breaking is tested by whether the response to the forward stimulus is
significantly different from the opposite of the response to the reversed stimulus. N =9
flies.

As in (D), but for a stationary contrast sawtooth (21), which is time reversal symmetric.
N = 8 flies.

As in (D), but for local light edges tessellated across space and time. N = § flies.

As in (D), but for square wave grating with bars of unequal widths. N = 8 flies.

* P<0.05, ** P<0.01 by Student t-test.

13


https://doi.org/10.1101/2024.06.08.598068
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.08.598068; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

514
515
A o’t t) X) Xx,t) B 0 S(z,t)  S(z,t) yoS(z,t) rS(z,t)
£ £
NNV
0Space1 Space
x,t) S(:c, rS(x,t) XreS(w) oS(z,t) 1S(z,t) reS(z,t) \reS(z,t)
N A
ZAN .
C Sy D 0 Sa0 X650
A4 ~ /
2 AV 4N A
A\ \;
4
0 4 8
Space
0 52 re S
4 A ) 4 A
WA A
516 4 ‘ ‘

517  Figure 2. Edge-tile stimuli can be created with different combinations of spatial, temporal, and
518 contrast symmetries.

519 A. All stimuli can be transformed through space reversal, time reversal, or contrast reversal,
EZO denoted with operators y, ©, and I'. A stimulus S is O symmetric if 0[S (x, t)] =
21 58 (x, t) is the same as S(x, t), allowing for shifts in space and time. A drifting sinusoid
522 grating, shown here, is contrast (I') symmetric, space-time (y®) symmetric, and contrast-
523 space-time (I'y®) symmetric because the corresponding transformations return the same
524 stimulus tessellated in space and time (boxed in red).
525 B. Edge-tiles consist of single light or dark edges, moving left or right. A light, rightward
526 edge-tile can be transformed into any other single edge-tyle type (light/dark,
527 rightward/leftward) through space reversal, time reversal, or contrast reversal. Each
528 single edge-tile is y['® symmetric.
529 C. Stimuli with different combinations of symmetries can be created by placing arrays of
E3O individual edge-tiles into unit cells. S, is comprised of a unit cell of 8 edges-tiles in a 4
31 by 2 grid (outlined in red), which is tessellated over space and time. S, is time reversal
532 symmetric because reversing the entire stimulus in time results in a stimulus in which the
533 same unit cell can be found (phase shifted in time and space from its original location and
534 time). (See Methods for details on creating these stimuli.)
l'535 D. Stimuli can possess multiple combinations of symmetries. S, has a unit cell that is 4 by
536 2 and is 0, xI', and I'® symmetric, meaning that performing each of those pairs of
537 reversals results in a stimulus possessing the same 4 by 2 unit cell, outlined in red.
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539  Table 1. Table of symmetries in stimuli in Figure 1. The upper part of the table enumerates

540 symmetries in our stimuli from Figure 1, while the lower part enumerates those in the edge-tile
541  stimuli. A dot in the column means that the stimulus possesses that symmetry. (See Methods for
542  the definition of the symmetries with periodic stimuli.) The different symmetries are © (time
543  reversal), I' (contrast reversal), y (space reversal), I'© (contrast-time reversal), y® (space-time
544  reversal), yI' (space-contrast reversal), and yI'© (space-contrast-time reversal).

545
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Figure 3. Fly responses to edge-tile stimuli can break time reversal symmetry.

Edge-tile stimuli were presented for a total of three seconds, with each individual edge moving at
240°/s. N = 8-10 flies for each trace. (* P<0.05, ** P<0.01 by Student t-test, with Holm-
Bonferroni correction for 6 comparisons for each stimulus.)

A. Fly responses to the stimulus S,, which is ® symmetric but generates responses that break
time reversal symmetry. (i) The stimulus and its reversals in time, contrast, and time-
contrast. (ii) Time traces of mean fly responses to these four transformations of the
stimuli. (iii) Contrast symmetry breaking is measured by subtracting the time averaged
responses to the original stimulus and the contrast reversed stimulus (green, top). Time
and time-contrast symmetry breaking is measured by summing time-averaged responses
to the original and time reversed or time-contrast reversed stimuli, respectively (red and
orange, bottom).

B. Asin (A), but for the stimulus, S,,, which is Y0, yI', and I'® symmetric.
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562  Figure 4. Many stimuli elicit behavior that breaks time reversal symmetry, but stimulus

563  symmetries only modestly predict degree of time reversal symmetry breaking.

564 N =8-11 flies for each measurement. For the data, error bars are 1 SEM; * P <0.05, ** P<0.01,
565  *** P <(.001 by Student t-test, with Holm-Bonferroni correction for 6 comparisons for each
566  stimulus. For the linear fits, error bars are 1 SEM; * P < 0.05, ** P <0.01 *** P <0.001 by

567  standard confidence interval estimation.

568 A. Counts of net light and dark edges (/eff) and time reversal symmetry metric (right). A
569 linear model with no bias term was fit to predict the response from the net light and dark
570 edges. Its predictions are shown as black dots and the fitted weights, £, are shown at

l'571 bottom. The variance accounted for by the model is noted by the 12 value. Stimuli in

572 parentheses indicate that the stimulus being tested possesses a symmetry (or multiple
|573 symmetries) that permit combining response asymmetry metrics from both S and S into
574 a single measurement.

575 B. Asin (A), but for time-contrast reversal symmetry breaking.

576 C. Symmetries belonging to each stimulus (left) and time reversal symmetry breaking

577 degree (right). Compared to (A), all negative time reversal symmetry metrics are flipped
578 in order to make them positive. A linear model with a bias term was fit to predict the

579 degree of symmetry breaking for each stimulus from its set of symmetries. Its predictions
580 are shown as black dots and the fitted weights, 3, are shown at bottom. The variance

l'581 accounted for by the model is noted by the 12 value.

582 As in (C), but for time-contrast reversal symmetry breaking.

583
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Figure 5. Optimizing an artificial network to detect naturalistic motion yields solutions that
break time reversal symmetry.

A.

B.
C.

™ o

)

An example panoramic natural scene image (27). The elevation spans —48° to 48° and the
azimuth spans —180° to 180°.

An example velocity trajectory with autocorrelation half-decay time of 0.2 s.

Model architecture. The input to the model is motion stimuli generated by combining a
horizontal slice of an image (as in (A)) with 0.5 s of a velocity trajectory (as in (B)). The
model output is the predicted velocity at the last time point of the 0.5 s velocity trajectory.
There are two independent channels, and each channel spans 3 neighboring inputs in
azimuth, 5° apart. (See Methods for details.)

Moving light edge stimulus played forward (leff) and reversed (right) in time.

Stationary contrast sawtooth stimulus played forward (leff) and reversed (right) in time.
Since the stimulus is stationary, the two versions are identical.

Siaplayed forward (/eft) and reversed (right) in time. Since the stimulus has time reversal
symmetry, the two versions are identical up to a phase shift.

Time reversal symmetry metric for the model response, defined as Ry [S] + Ry | 5S],
where Ry [S] is the time averaged response to the stimulus S. 25 trained models with
different initializations are shown (fop). Distribution of Ry, [S] + Ry [’ @S ] for all trained
models evaluated on the moving edges (bottom). Only models with testing r-squared
values larger than 0.8 are included.

As in (G), but with the model acting on the stationary sawtooth stimulus.

As in (G), but with the model acting on S, 4.
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Figure 6. Contrast distributions in training data and shallow architectures drive time reversal
symmetry breaking.

A.

e

- EQam

~ =

Distributions of the pixel values in the four types of training data: natural scenes, contrast
reversed natural scenes, natural scenes with randomized phase, and Gaussian scenes (see

Methods).

Distributions of the time reversal symmetry metric, Ry [S] + Ry [sS], for models trained
on the four types of training data in (A). The models are acting on the light edge stimulus.
Models are only included if they achieved an r-squared of >0.8 on their test data.

. As in (B), but for the models acting on the stationary sawtooth stimulus.

As in (B), but for the models acting on S;,.

Mean absolute deviation (MAD) from zero of the time reversal symmetry metric

As in (E), but for stationary sawtooth stimuli.

As in (E), but for Sy4.

Model architecture was made variable so that it possessed different numbers of channels
C and layers L.

Mean absolute deviation (MAD) from zero of the time reversal symmetry metric for
moving edges, but for models with different numbers of channels C and layers L.

As in (I), but for stationary sawtooth stimuli.

As in (I), but for Sy4.
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. l

634

635  Supplemental Figure S1. Stationary contrast stimuli that elicit motion

636 A. Peripheral drift illusion. When this stimulus is observed in the periphery of the visual
637 field (i.e., not looking directly at it), it appears to rotate slowly clockwise. Adapted from
638 (17).

639 B. Snake illusion. When humans observe this stationary pattern, the wheels appear to rotate
640 in different directions. This percept is enhanced when the eyes move. Adapted from (22).
641
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Supplemental Figure S2. Additional stimuli that cause time reversal symmetry breaking in flies.
A. As in Figure 1D, but for a version of the sawtooth stimulus drifting at 1.5 °/s. Time

B.

C.

D.

reversal symmetry breaking does not require that a stimulus be time-symmetric or
stationary. N = 8 flies.

As in Figure 1D, but for a jittered contrast sawtooth, which is time reversal symmetric. N
= 8 flies.

As in Figure 1D, but for an opposing edge stimulus (23), where light edges move in one
direction and dark edges move in the other at the same points in time. The stimulus is the
same when time is reversed. N = 8 flies.

As in Figure 1D, but for an alternating edge stimulus, where light edges and dark edges
alternate in time on the display, with light edges moving in one direction and dark edges
in the other. This stimulus is very similar to the opposing edge stimulus (E), the only
difference being that every other “column” of edges is phase shifted in time by half a
period. However, it produces a very different response, with flies turning in the opposite
direction from in (E). These two stimuli reveal that responses are not easily predicted by
simply counting the net light and dark edges, since those are identical in these two
stimuli. N = 8 flies.

* P<0.05, ** P<0.01, *** P<0.001 by Student t-test.
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Values here were averaged over the presentation period, then means and SEMs were computed
over flies. N = 8-11 flies for each stimulus.
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670
671  Supplemental Figure S4. Contrast reversal symmetry breaking in the stimulus set.
672 A. As in Figure 4A, but for contrast reversal symmetry breaking. Stimuli in parentheses
673 indicate that the stimulus being tested possesses a symmetry (or multiple symmetries)
k74 that permit combining response asymmetry metrics from both S and ‘gS into a single
675 measurement.
676 B. As in Figure 4C, but for contrast reversal symmetry breaking.
677
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679  Supplemental Figure S5. Direction of symmetry breaking depends on stimulus parameters.
680 A. Example loss function over time during training.
681 B. Performance of one of the trained models on the test data with a typical r-squared value
682 of 0.91. Each dot represents a different test motion stimulus.
683 C. Asin Figure 5J, but for different contrast levels in the moving edge stimulus.
684 D. As in Figure 5K, but for different contrast levels in the stationary sawtooth stimulus.
b85 E. As in Figure SL, but for different contrast levels in Sy4.
686
687
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and layers L.
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D. Similar to Figure 6D, but for different numbers of channels C and layers L.

=]

-

Movie 1. Movie illustrating the 24 edge-tile stimuli shown to the flies.
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703  Methods
704
705  Data and code availability
706  All behavioral data in this paper is available along with code to make all the figures in this paper
707  here: https://www.github.com/ClarkLabCode/TimeReversalSymmetry [to be made available on
708  publication]. Code to run the machine learning portions of the analysis in this paper is also
709  available in the same repository, as is code to generate and classify the edge tile stimuli. The
710 behavioral data has also been deposited as a Dandi dataset available here: [to be made available
711  on publication].
712
713 Behavioral measurements
714  Wildtype Drosophila melanogaster vinegar flies (of strain Oregon R (53)) were grown at 20°C,
715  50% relative humidity in a 12-hour-light, 12-hour-dark circadian cycle. Flies were collected on
716  CO2 for behavior in their first 24 hours after eclosion, then tested 24 hours later, putting their age
717  during testing at 36 to 48 hours. Their behavior was measured during the 3 hours after dawn or 3
718  hours before dusk.
719
720  To measure optomotor turning behavior, flies were tethered to a small needle that suspended
721  them above an air-supported ball, which could rotate underneath them, as in prior experiments
722 (54). Panoramic projection screens around them displayed green, monochrome stimuli (16) with
723 aluminance of ~100 cd/m?. Stimuli typically were presented in two 20-minute presentations of
724  subsets of stimuli in random order.
725
726  Visual stimuli
727  Visual stimuli were created in Matlab using Psychtoolbox (55-57). All stimuli were interleaved
728  with periods of 2-3 seconds of mean gray luminance. In all cases, spatial phase of the stimulus
729  was randomized for each presentation. The update rate for all stimuli was 180 frames per second.
730
731  Stimuli presented to flies in this research.

Stimulus name Description Figures

Drifting sinusoid Sinusoidal contrast grating with wavelength | 1D

of 30°, temporal frequency of 16 Hz, and
100% contrast.

Stationary spatial Stationary sawtooth grating in space with 45° | 1E

sawtooth period and 100% contrast. Gray interleaves.
Originally published in (21).

Light edges Periodic light edges moving in one direction. | 1F

Spatial period of 30° with 100% contrast

edges moving at 240%s.
Uneven square wave | 100% contrast square wave grating with light  1G
grating and dark bars: 5° dark, 5° light, 25° dark, 25°

light, so that there is an overall spatial period

of 60°. Stimulus drifts at 30%s.
Drifting spatial Sawtooth grating in space with 45° period S2A
sawtooth and 100% contrast, drifting with a velocity

of 1.5%s, either in the direction of the
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shallow gradient or in the direction of the
steep gradient.

Jittered spatial Sawtooth grating in space with 45° period S2B
sawtooth and 100% contrast. Jittered back and forth in

space by 5° with a period of 1/10 second.
Opposing edges Space-time pattern in which light edges S2C

move one direction and dark edges move the
opposite direction simultaneously. Spatial
period of 30° with 100% contrast edges
moving at 240°s. Originally published in
(23).
Alternating edges Space-time pattern in which light edges S2D
move one direction and dark edges move the
opposite direction, with on/y light edges or
dark edges occurring at any given time.
Spatial period of 30° with 100% contrast
edges moving at 240%s.
Edge-tile stimuli Periodic, 100% contrast stimuli created as 3,4
described in Methods and in Figure 2. Each
stimulus edge cell had a 30° extent and edges
moved at 240°/s.
732
733 Symmetry definitions
734  We define our stimuli, S(x, t), as the contrast at each point in space and time. There are three
735  operators that reverse the time, space, and contrast of the stimulus: 0, y, and I'. These operators
736  actas follows:

37 Op:[S(x, )] =S(p+x,T—1)
38 XIS, )] =S(p—x,T+1)
39 Tp S, )] = =S(p+x,T+1)

740  As a shorthand, we will typically drop the phase shift parameters and also denote the time

|741 reversed stimulus by a left subscript, so that, 04 [S] = O[S] = S. These phase shifts in space
742  and time, ¢ and 7, may be chosen arbitrarily, and we will choose them specifically to identify
743  symmetries in the stimuli.

744

745 A stimulus is defined as possessing a time reversal symmetry if ©[S(x, t)] = S(x, t) for some
746  pair of phase offsets 7 and ¢. Similarly, a stimulus possesses space reversal symmetry when

47  x[S(x,t)] = S(x,t) for some pair of offsets T and ¢, while a stimulus possesses contrast reversal
48  symmetry when T'[S(x,t)| = S(x, t) for some pair of offsets T and ¢p. Each of these operators
49  applied twice can result in a return to the original stimulus: ©(@©[S(x, t)]| = 0aS(x,t) = S(x,t)
50 for pairs of offsets T and ¢. Similarly, XXS (x,t) = S(x,t) and (:S(x,t) = S(x, t) for pairs of
751  offsets T and ¢.

752

753  As an example, a sinusoidal contrast grating drifting with a velocity v = w/k is defined as

';54 S(x,t) = c sin (kx — wt). This stimulus possesses contrast reversal symmetry because

55 T[S(x,t)] = S(x,t) when (¢, T) = (%, 0). The stimulus also possesses space-time reversal
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X0 K’

57 and (¢, 1) = (0,0) for the space reversal.
758
759  Data analysis
760  Each fly’s responses were averaged over trials, and mirror symmetrized to generate a mean
761  turning curve for each stimulus. Figure time traces show means and standard errors over flies.
762  Time traces were averaged over the stimulus duration to create mean turning values for each fly
763  and stimulus. The response, R, of a fly to each stimulus, S, is a scalar, R[S].
764
765  To assess symmetry breaking, we compared fly responses to each stimulus with their responses
766  to the same stimulus transformed. Time reversal symmetry breaking was assessed by asking

67  whether R[S| + R [GS ]was different from 0. Contrast reversal symmetry breaking was assessed

'356 symmetry, since x|0[S(x,t)]| = +S(x,t) = S(x,t) when (¢,7) = (=, 0) for the time reversal

68 by asking whether R[S]| — R [FS ] was different from 0. Time-contrast reversal symmetry

69  breaking was assessed by asking whether R[S] + R[5S] was different from 0. See below for
770  definitions of the symmetry transformations. Statistical significance of the symmetry breaking
771  was computed using a Student t-test, which was Holm-Bonferroni corrected for the 6 different
772 symmetries assessed for each stimulus.

773

774  Making a suite of stimuli with specific spatial, temporal, and contrast symmetries

775  We set out to create a suite of periodic stimuli possessing different combinations of symmetries,
776  as defined above. Each stimulus in this novel suite of stimuli, collectively called edge-tile

777  stimuli, is characterized by a m by n rectangular arrangement of moving edges, with m moving
778  edges across the temporal dimension and n moving edges in the spatial dimension. Each moving
779  edge “tile” within the m by n arrangement is one of four types: a rightwards light edge, a

780 leftwards light edge, a rightwards dark edge, or a leftwards dark edge (Fig. 2A). The entire

781  stimulus consists of many m by n unit cells that are tessellated across both space and time.

782

';83 Every stimulus with a unit cell of size m by n is uniquely defined by the tuple (m, n) (the

84  stimulus’s shape) and a vector vg of length m X n X 2, with each element in the vector being
785  either 1 or —1. Every individual moving edge tile within the unit cell is encoded by two elements
786  within the vector, with the first element of the pair encoding the polarity of the edge (1 for a light
787  edge and —1 for a dark edge) and the second encoding the direction of the edge (1 for rightwards
|788 and —1 for leftwards). The first two elements in vs encode the leftmost edge at the earliest time
789  in the unit cell. Each successive pair of elements correspond to edges as they go from left to
790 right, then from first-in-time to last-in-time.

791
792  Reversal transformations (time reversal, space reversal, contrast reversal) to each stimulus and
793  their associated operators (0, y, and I, respectively) can be operationalized as matrix
|794 multiplication. Let the notation vg represent the vector that defines stimulus S, for any S. For
795  each shape (m,n) and each operator O[S] on stimulus S, one may compute a square matrix
96  Ap,m,n suchthat Ap . n X Vs = vg[g), for all S of shape (m, n). Given 0, m, and n, the matrix
97  Apmn can be procedurally generated.
798
799  Because stimuli unit cells are tessellated infinitely in space and time (Fig. 2B, C), translating the
800 pattern could result in a new ordering of edges (and what would appear to be a new unit cell)
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801  without changing the true, tessellated stimulus. Thus, different encoding vectors could define the
802  same stimulus. To address this issue, translations in space and time can also be operationalized as
803  matrix multiplication, just as with reversal transformations. Every stimulus of shape (m, n) has
804 m X n different encoding vectors that are all equivalent to one another, and consequently, m X n
|805 unique square matrices B where B X vg is a vector that encodes an equivalent stimulus to vg

806  (including the identity matrix). We call this set of matrices the tessellation matrix set. The

E07 tessellation matrix set for a given shape can be generated by first finding the matrices By, , nand

08  B; m n» Where By m 5 X Us encodes S translated by one cell in space and By ., , X Vs encodes

809 S translated by one cell in time. The tessellation matrix set T is defined as follows:
810

)811 T={B|B=1%(Bymn) X (Bomn) Vij €2, i=1[0,m),j=1[0n]
812
13 There are 2M*™*2 = 4™M*" ({ifferent possible encoding vectors for unit cells of shape m X n. A
14  stimulus corresponding to encoding vector vg is O symmetric (where O is an operator) if there
15  exists a matrix B in the m X n-sized tessellation matrix set where B X Ap 1, n X Vs = vs. To
816  create a suite of stimuli with specific spatial, temporal, and contrast symmetries, all stimuli of
B17  shape (4,2) and of shape (2,4) were created and categorized according to whether they were ©,
818 T, x,I'0, y0, xT, and yI'® symmetric. 24 different stimuli were selected from all generated
819  stimuli, excluding those that were y symmetric: Four patterns that exhibited no symmetries at all,
820 and two patterns that exhibited every other unique combination of symmetries (Table 1, bottom).
821  The patterns were chosen to minimize discontinuities in time (for instance a dark region that
822  instantaneously becomes light). When possible, stimuli for each combination of symmetries were
823  selected to have both non-zero and zero net motion over time and space.
824
|825 To give concreteness to these definitions of vg and the symmetry operators Ag, A,, and Ar.,
826  below we give specific examples of these for the case of a (2,4) (time, space) shaped unit cell. In
|827 the vector vy, the edge tile polarity p;; and direction d;; are each +1.
828
_pl,l_
di1

D12
dio

P1,3
dy,3

P14
dy,a

P21
da

D2,2
da 2

P23
da3

D2,4
829 | d2,4]

VS,2,4 =
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834

835  Training data for artificial neural networks

836  Natural scene data was adapted from an online database with a total of 241 images (27). Each
837 image in the dataset is a 251 X 927 grey scale matrix and spans 360° panoramically in azimuth
838 and 97.5° in elevation. One ommatidium of the fly compound eye has an acceptance angle of
839  roughly 5° and thus, each image was filtered by a 2-dimensional Gaussian kernel with a full
840  width at half maximum of 5°. Within each image, contrast was calculated by subtracting the local
841 mean and divided the local mean. The local mean was obtained by using a 2-dimensional

842  Gaussian kernel with the standard deviation of 30°.

843

844  In this study, only yaw motion was considered, and we simulated the images moving with a

845  velocity trajectory over time. The velocity trajectory was generated by an Ornstein-Uhlenbeck
846  process with an autocorrelation half-decay time of 0.2 s (autocorrelation time constant of

847  0.2/In(2) s) and a standard deviation of 100°s. Each generated velocity trajectory has a length of
848 200 steps with a time resolution of 0.01s, from which only the last 49 steps of the velocity traces
849  were used to generate synthetic moving images. For each image, 100 different velocity

850 trajectories were generated, and the image was shifted horizontally according to these velocity
851 trajectories. Thus, there were 100 movies for each image and each movie was 0.5s long (50 steps
852  with a time resolution of 0.01s). Every frame of the movies was subsampled to a matrix with size
853 20 X 72, and each pixel spanned roughly 5° in both azimuth and in elevation. Since only

854  horizontal motion was considered, for each movie, single row slices were selected at random. In
855  the end, one sample of data had a shape of 50 X 1 X 72 (50 time points by 1 by 72 spatial

856  locations with 5° spacing). For each movie, there was a counterpart with time reversed and the
857  spatial coordinate reversed. In total, there were 144000 training samples and 48800 testing

858  samples.

859

860  For Figure 6, the contrast reversed natural scene was generated simply by multiplying the

861 natural scene samples by —1. The phase randomized natural scene samples were created by

862  Fourier transforming the original natural scene samples, setting the magnitude corresponding to
863 the zero frequency to zero, adding random phases to other modes, and inverse Fourier

864 transforming back. The standard deviation of this distribution was set to match the standard

865  deviation of the pixel values in the natural scene contrasts. This process preserves the second
866  order spatial correlations in the scene, since the power spectrum is preserved. The phase

867 randomized scenes are not Gaussian. When a non-Gaussian image moves, it generates higher
868  order spatiotemporal correlations not determined by the second-order correlations alone. The
869  Gaussian samples were generated by sampling pixel values independently from a Gaussian

870  distribution. The standard deviation of this distribution was set to match the standard deviation of
871 the pixel values in the natural scene contrasts. When a Gaussian image moves, higher order

872  spatiotemporal correlations provide no information beyond that in the second-order correlations,
873  since the first and second moments of a Gaussian distribution determine all higher moments. In
874  the case of the phase randomized and Gaussian images, the corresponding movies were

875  generated exactly as in the natural scene case, but no contrast was calculated, since all image
876  values were already centered at 0.

877
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878  Evaluation stimuli for artificial neural networks

879  We used three stimuli to evaluate the time reversal symmetries of model responses: moving

|880 edges, stationary sawtooth contrast patterns, and S, . For the moving edge stimuli, each movie
881  contained 12 equally spaced light edges moving from left to right (forward) or right to left

882  (backward). The velocities of the moving edges were set to be 60°s. The positive contrast of the
883  moving edges were set to 0.05 and the negative contrast set to —0.05 in the main figures before
884  being smoothed by a Gaussian kernel with a full width at half maximum of 5° (as we filtered the
885 images). We varied the contrast scales to have the values of 0.02, 0.05, 0.1, 0.2, 0.4 (Supp. Fig.
886  S5). For the static sawtooth stimuli, the period of the sawtooth pattern was set to be 45° and the
887  maximum/minimum contrasts were 0.05/—0.05 in the main figure before being smoothed by a
888  Gaussian kernel with a full width at half maximum of 5°. We varied the contrast scales to have
|889 the values of 0.05, 0.1, 0.16, 0.18, 0.2 (Supp. Fig. S5). For S;,, we used the same method as in
890 the section Visual Stimulus, and set the maximum/minimum contrasts to be -0.05/0.05 in the
891 main figure before spatial filtering. We also varied the contrast scales to have the values of 0.05,
892 0.1,0.2,0.3, 0.4 (Supp. Fig. S5).

893

894  Model architecture of artificial neural networks

895  Convolutional neural network models were built to predict the velocities for the input movies
896  generated according to the last section. The number of channels C and number of layers L were
897 varied: C = 2,4 and L = 1, 2, 3,4. The channels of the first layer had a depth of 50, and its

898  overall shape was 50 X 1 X 3 (time extent by vertical extent by horizontal extent). The channels
899  of the subsequent layers (if any) had an overall shape C X 1 X 3. In these cases, the three spatial
900 inputs represent the three spatial inputs to the motion detectors in the fly (28), as in prior task
901 optimization in the fly visual system (30). For each channel, there is a counterpart channel with
902 the last dimension flipped to enforce the opponency, where the output of the counterpart channel
903  was subtracted from the original channel. The output layer of each model was a spatially uniform
904  average of the last convolutional layer. To enforce the left-right symmetry in space, the final
905 output of the model contains two parts. The first part was the predicted velocity of the original
906 sample, and the second part was the predicted velocity of the sample flipped horizontally (the
907 last dimension of the sample). The final output was simply the difference between the first part
908 and the second part. In this way, if a stimulus was flipped horizontally in space, the velocity

909 predicted by the model was enforced to equal to the original response multiplied by -1.

910

911  Artificial neural network model training and testing

912  The weights in each model architecture were trained until convergence with 100 different

|913 initializations of the parameters. Coefficient of determination, or 72, was reported for the test
914  dataset. We then asked how the model responded to the evaluation stimuli. Response time

915 reversal symmetry breaking was assessed by plotting the time reversal symmetry metric,

|916 Ry [S] + Ry['sS], for the trained models with 72 larger than 0.8 for each architecture and
917 training data type. This threshold ensures that we only examine models for which the training
918 worked to a significant degree.
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919 Appendix 1: Time reversal symmetries in canonical models to detect motion

920

921  In the examples below, we will consider the space-time averaged responses of different classical
922  models to a spatiotemporal stimulus S(x, t).

923

924  The Hassenstein-Reichardt Correlator (HRC) model (1)

925 In the HRC model for motion detection, signals from two adjacent points in space are split, one
926  signal is delayed relative to the other, and then the delayed and non-delayed signals from the two
927  points in space are multiplied, before the products are subtracted. The net result is a signal that
928 computes the difference in spatiotemporal correlations in two directions in space-time. When this
929 response is averaged over space and time, it can be represented alternatively in Fourier space as:
930

)931 r@ = | dkdw H? (k,w)P(k, w)

932
33 where P(k, w) is the power spectral density of the stimulus in spatial and temporal frequency

34  space and H(Z )isa weighting function. (See the definitions in Appendix 2.) The weighting

35 function 17(2 ) (k, w) is mirror-symmetric in space because of the subtraction in the model, so that

36 HZ (ko) = —H(Z )(—k, w). When time is reversed, it’s the equivalent of inverting w in the

37  stimulus. Therefore, the space-time averaged response 7:'?) to a time reversed stimulus is (see the
938  derivation also in Appendix 2.):

939
0940 r@ = j dkdw H? (k, w)P(k, —w)
041 = j dkdw H (k, w) P* (—k, ®)

042 - j dik'dw H (—k', w)P* (k', )
043 - _ j di'dw H? (I, w)P (k', )
044 = @

945

946  Therefore, in the HRC model, reversing time leads to an equal and opposite mean response.
947

948  The motion energy model (2)

949  This model is very similar to the HRC above, in that it is sensitive only to pairwise correlations
950 in the stimulus. Like the HRC, mean responses are simply a weighting function of the power
951  spectrum of the stimulus. Also like the HRC, the motion energy model is spatially mirror-
952  symmetric, so that the derivation above also applies directly to it. Therefore, motion energy
953  models likewise invert their space-time averaged responses when time is reversed.

954

955  Optimized gradient model (3)

956  Prior work has asked how an optimal model would estimate velocity with Gaussian input
957  statistics and Gaussian noise. That work found that under low signal-to-noise conditions, the
958 dominant term in the optimal estimator senses only pairwise correlations in the stimulus. But
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959  under high signal-to-noise conditions and rigid body image translation, they found that the
960 optimal estimate of the true image velocity is:

961
 [dRaW (AW, 6)
62 Ue(t) =
D=1+ [dx [0, W (x,t)]?
963

964  Where W (x, t) is a functional acting on the stimulus, S(x, t). When time is reversed, only the
965 temporal derivative of W is inverted, and all other terms remain the same. Since the numerator in
966 this expression is proportional to the (spatially integrated) temporal derivative of W, playing the
967  stimulus backward inverts the motion estimate of this gradient-detector model.

968

969  Lucas-Kanade optic flow computation (4)

970  The Lucas-Kanade model is a classical model for estimating optic flow, based on computing the
971  displacement that minimizes the error between a movie frame and a displaced, subsequent frame.
972  For rigid body translation of an image in one dimension, this calculation supposes that

973

b74 v,0,S(x, t) = —0,5(x, t)

975

|976 An estimate for v, may be computed by solving for the best fit value of v, over all space. The
977  best fit solution is:

978

o [ dx0,5(x,t)0,S(x,t)
F” P = = 0,5, 1)
980

981 Here, as in the optimal solution from Potters and Bialek (3), the solution is proportional to the
982  temporal derivative of the image intensity. When a movie is played in reverse, that temporal
983  derivative is inverted, and all velocity estimates are likewise inverted. Thus, this algorithm for
984  computing optic flow also obeys time reversal symmetry.

985

986
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987  Appendix 2: Only sensitivity to correlations beyond second-order can confer time reversal
988 symmetry breaking

989

990 Motion detectors work by being sensitive to different spatiotemporal correlations in the stimulus.
991  Suppose there is a stimulus S(x, t), defined over space and time. The motion energy model and
992  the Hassenstein-Reichardt correlator (HRC) model (1, 2) are examples of models that are

993  sensitive to only second order spatiotemporal correlations. In that case, we have two

|994 spatiotemporal filters, H; and H,, that act on the stimulus to create filtered signals A; and A,:
995

96 A (x,t) = .[ dx'dt'Hy(x', t)S(x —x",t — t")
97 Ay(x,t) = .[ dx'dt'H,(x', t")S(x —x', t — t")
998

|999 (In the motion energy model, H; = H,.) The mean response over time and space of a multiplier
1000  unit in the HRC model (or a squared input unit in the motion energy model) is:
1001

1p02 r® = (A1 (x, ) A5 (%, )t

1003

1004  Where the mean is taken over x and t: (f(x, t))ye = lim — [ *2 [ "2 4t f(x,t), where X
. ) xt — X,T—>00 XT _X/Z _T/2 ) 9 W

1005 is the spatial extent and T is the temporal extent of the integration.

1006

1007  When we calculate these convolutions instead in Fourier space, we find:

1008

1009 A (x,t) = .f dk,dw,e ¥t ] (ky, w,)S (ky, wq)

1010 Ay(x,t) = .f dk,dwye~HF2x"t02t [, (ky, w,)S (ky, w5)

1011

1b12 We substitute the above two equations into the equation for (®, and integrate over space and
1013  time to find

1})15 r@ = j dk,dw,dk,dw, 8§(ky + k)8 (w1 + wy)Hy (ky, w)Hy(ky, w,)P(ky, w1, Ky, w5)
1P17 where 8 () is the Dirac delta function and P (ky, wy, ky, w,) = Xl%m %ﬁ(kl, w1)S (ky, wy) is the

1018 power spectral density of the signal (58, 59). We perform one integral over spatial and temporal
1019  frequencies to find:

1020
1021 r@ = j dkdw Hy (k, w)H,(—k, —w)P (k, w, —k, —w)
1022 = j dkdw HZ (k, w)P (k, »)

1023
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where we define Hl(? (k,w) = H,(k, w)H,(—k, —w) and the power spectral density of the
stimulus becomes P(k,w) = P(k, w, =k, —w) = Xl}m %5(1{, w)S*(k, w). We use the fact that

S(—=k,—w) = §*(k, w) for Fourier transforms of real-values functions.

Now, more generally, one can define H'? for the sum or difference of some set of HRC or

motion energy units, so that r® = [ dkdw I-NI(Z) (k, w)P(k,w). In these models, mirror-
symmetric units are subtracted to create spatial mirror-symmetry. Here, we suppose that the
world is left-right symmetric and that the left-right mirror-symmetry is imposed on our models.

To flip the weighting function I-NI(Z) in space, we simply invert its spatial frequency argument.
Then, the spatial mirror-symmetry of the model is represented as:

H?(k,w) = —H®(=k,w)

Now, we examine how this model responds if the stimulus is reversed in time, that is, that we
present the model with S(k, —w) instead of S(k, ). The space-time averaged response to the
temporally reversed stimulus, (2, is:
r?) = j dkdw H? (k, w)P(k, —w)
= j dkdw H? (k, w)P*(—k, w)
= j dk'dw H? (=k', w)P*(k', w)
= — j dk'dw H? (k', 0)P(k', w)

— @

In the third line, we substituted k' = —k and adjusted the limits of integration appropriately so
that it still integrates from —oo to oo. The equality above indicates that the mean response to the
stimulus is reversed when the stimulus is reversed in time. Fundamentally, this equality relies on
the spatial anti-symmetry of the weighting function and on the fact that P = P~*.

We can generalize this to models that are sensitive to correlations between triplets of points over
space and time. In that case, the mean response to a stimulus is:

r® = j dkdwdk'dw' H® (k, k', w, 0 )B(k, k', 0, ")

where we define H® (k, k', w, ) as a weighting function over frequency pairs and the
bispectrum density (60) is defined as B(k, k', w, w") = XlTim X—1T§(k, w)S(k',w)S*(k + k' o +

w"). We assume the same left-right anti-symmetry: H® (k, k', w, w") = —H® (=k, =k, w, w").
If we reverse the time of the stimulus, using the same logic as the prior equation, we find:
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KQ)=nfdkdwdk%hdiﬂ”(kkﬁaquB(kkﬁ—ag—w@
= j dkdwdk'dw' H® (k, k', w, 0")B*(—k, —k', 0, ")

= — j dkdwdk'dw' H® (k, k', w, 0 )B*(k, k', 0, 0"

#+ —r®
The inequality arises because in general B # B*.

Similar arguments can be applied to further higher-order correlations. For instance, the mean
response to fourth-order products of the stimulus is a weighted average of the trispectrum (60).
For the bispectrum, the trispectrum, and beyond, complex conjugation does not in general yield
the same function. This means that the pairwise correlation case is special in generally obeying
time reversal symmetry. Motion detectors sensitive to any correlations beyond second-order need
not invert their responses on time reversal, depending on the structure of the stimulus. But in the
case of a motion detector sensitive to only pairwise correlations, it must obey time-reversal
symmetry for all stimuli.
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