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Abstract 1

The neural mechanisms of motor planning have been extensively studied in rodents. 2

Preparatory activity in the frontal cortex predicts upcoming choice, but limitations of 3

typical tasks have made it challenging to determine whether the spatial information is in a 4

self-centered direction reference frame or a world-centered position reference frame. Here, 5

we trained male rats to make delayed visually-guided orienting movements to six different 6

directions, with four different target positions for each direction, which allowed us to 7

disentangle direction versus position tuning in neural activity. We recorded single unit 8

activity from the rat frontal orienting field (FOF) in the secondary motor cortex, a region 9

involved in planning orienting movements. Population analyses revealed that the FOF 10

encodes two separate 2D maps of space. First, a 2D map of the planned and ongoing 11

movement in a self-centered direction reference frame. Second, a 2D map of the animal’s 12

current position on the port wall in a world-centered reference frame. Thus, preparatory 13

activity in the FOF represents self-centered upcoming movement directions, but FOF 14

neurons multiplex both self- and world-reference frame variables at the level of single 15

neurons. Neural network model comparison supports the view that despite the presence of 16

world-centered representations, the FOF receives the target information as self-centered 17

input and generates self-centered planning signals. 18

Significance Statement 19

Motor planning in the real world involves complex coordinate transformations: eye to 20

head to body, hand, etc. Typical rodent tasks (e.g., go/no-go or two-alternative) are too 21

simple for studying these processes. We trained rats to perform delayed, visually-guided 22

movements in multiple directions from varied start positions to explore coordinate systems 23

in planning. We found that the Frontal Orienting Field (FOF) encodes two separate 24

maps: one for planning in self-centered coordinates and another for encoding current 25

position in world-centered coordinates. Additionally, position and direction information 26

are multiplexed at the single-neuron level. Our task and findings provide a foundation for 27
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understanding complex motor planning at a circuit level. 28

Introduction 29

We use multiple reference frames to represent the world. For example, as you plan a 30

movement to reach for your morning coffee, the arm region of motor cortex may represent 31

the goal in an arm-centered reference frame and your frontal eye field represents the goal 32

in an eye-centered reference frame. Other areas of your brain may represent the cup 33

relative to the room or table or the milk or sugar. During sensorimotor behaviors, sensory 34

information is initially represented in sensor reference frames and motor commands are 35

finally represented in muscle reference frames. Since the sensors and effectors are 36

embodied, we can think of these representations as being in self-centered (or egocentric) 37

reference frames, i.e. they are reference frames that move around with the subject as they 38

move through the world. However, our lived experience is in a world-centered (or 39

allocentric) reference frame: we feel as if we move around and make decisions in a stable 40

world. Moreover, allocentric representations are found in a wide range of brain regions 41

(Hafting et al., 2005, O’Keefe and Nadel, 1978, Taube et al., 1990, Wilber et al., 2014). 42

Thus, a full understanding of the neurobiology of motor planning needs to address the 43

question of where and how these reference frame transformations take place (Andersen 44

et al., 1990, 1985, Andersen and Mountcastle, 1983, Cohen and Andersen, 2002). 45

The neural mechanisms of motor planning in rodents have been extensively studied in 46

two-alternative forced choice (2AFC) and go-nogo tasks (Chen et al., 2017, Erlich et al., 47

2011, Guo et al., 2014, Sul et al., 2011). Converging evidence has implicated the frontal 48

orienting field (FOF), a subregion of the secondary motor cortex (M2), as a cortical 49

substrate for planning orienting movements (Erlich et al., 2011, Hanks et al., 2015, Olson 50

et al., 2019), especially when those plans require flexible sensorimotor processes (Bao 51

et al., 2023, Erlich et al., 2015, Siniscalchi et al., 2016). Quantitative models suggest that 52

the FOF is a part of a bistable attractor network for short-term memory and decision 53

making in 2AFC orienting movement planning (Hanks et al., 2015, Kopec et al., 2015, 54
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Piet et al., 2017). Similar work in the mouse anterior lateral motor cortex (ALM) during 55

directional licking also identified discrete bistable attractor models as best accounting for 56

observed neural activity and perturbation results (Inagaki et al., 2019, Li et al., 2016). 57

Bistable attractor models are currently state-of-the-art for 2AFC motor planning, but 58

they are ambiguous as to the spatial reference frame of the neural coding. Do they 59

represent the planned movement direction in an self-centered reference frame, the target 60

position in an world-centered reference frame, or a ‘decision’ in an abstract reference 61

frame (Charlton and Goris, 2024)? Given the limitations of those behavioral paradigms, 62

the answer is largely unknown. 63

The FOF is a potential site to integrate egocentric and allocentric spatial 64

representations, as it receives input from the posterior parietal cortex (Reep et al., 1994) 65

and the retrosplenial cortex (Yamawaki et al., 2016), both of which exhibit egocentric as 66

well as allocentric spatial representations (Wang et al., 2020). To test the reference frame 67

of action planning representation in the FOF, we designed a multi-directional, 68

multi-positional orienting task that could distinguish between allocentric and egocentric 69

reference frames. We found preparatory and movement-related activity in the FOF that 70

were in the egocentric reference frame. Interestingly, allocentric target position 71

information was also encoded in the FOF, but emerged later than direction encoding. The 72

allocentric encoding represented the current rather than the upcoming position of the 73

animals, indicating the allocentric activity did not play a primary role in action planning. 74

These two reference frames were multiplexed at the single-neuron level: task-related 75

activity was best described as an egocentric direction tuning multiplicatively modulated 76

by the allocentric current position. These observations were best captured by a recurrent 77

network model whose input and output were both in the egocentric reference frame, 78

further supporting our conclusion that planning in the FOF takes place in an egocentric 79

coordinate frame. 80
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Materials and Methods 81

Subjects 82

Three adult male Sprague-Dawley rats and one adult male Brown Norway rat (Vital 83

River, Beijing, China) was used in this study. For a portion of the experiments presented 84

here, rats were placed on a controlled-water schedule and had access to free water 20 85

minutes each day in addition to the water they earned in the task. For some experiments, 86

rats were given free access to a 4% citric acid solution (Reinagel, 2018), in addition to the 87

normal water they earned in the task. They were kept on a reversed 12 hour light-dark 88

cycle and were trained during their dark cycle. Animal use procedures were approved by 89

New York University Shanghai International Animal Care and Use Committee following 90

both US and Chinese regulations. 91

Experimental Design 92

Behavioral training apparatus Rats were trained in custom behavioral chambers, 93

located inside sound- and light-attenuated boxes. Each chamber (23× 23× 23 cm) was fit 94

with a vertical 2-D port wall that had 7 operant ports and 1 reward delivery port, with 95

speakers located on the left and right side (Fig. 1). Each operant port contained a pair of 96

blue and a pair of yellow light emitting diodes (LED) as visual cues, as well as an infrared 97

LEDs and photo-transistors for detecting rats’ interactions with the ports. The reward 98

delivery port contained a stainless steel tube for delivering water rewards. 99

Behavioral task The task timeline is described in detail in Results and Fig. 1. In one 100

rat (2147), in addition to the main type of timeline, which we denote as “target during 101

fixation”, there were two other types of trial timelines: “target before fixation” and 102

“target after go”. These types of timelines existed on different days from the main type of 103

timeline and were not included in the analysis. 104

The duration of the fixation period was dynamically adjusted for each animal, ranging 105

between 0 ∼ 1.2 s (Fig. 1I). A trial was considered a fixation violation if the rat 106
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withdrew from the start port before the go sound. In fixation violation trials, an “error” 107

sound was delivered and the trial was aborted. 108

Thirty movement trajectories were involved in the final behavioral stage (Fig. 1E). 109

In rat 2068, 2095 and 2134, there were two session types interleaved across days. 110

The “reference” sessions only involved the four shorter movements. Each of the 6 111

directions had 4 movement trajectories of the same distance (short trajectories in Fig. 112

1E), which yielded 24 movement trajectories in total. 771 neurons were recorded from 113

these sessions. 114

The “distance” sessions involved the two shorter movements and one long movement 115

that crossed the central port for each direction (trajectories that crossed the central port 116

in Fig. 1E), which yielded 3 movement trajectories for each direction and 18 movement 117

trajectories in total. 426 neurons were recorded from these sessions. 118

In rat 2147, there were 4 movement directions that were all oblique. Each direction had 119

4 trajectories of the shorter distance, summing up to a total of 16 trajectories. 27 neurons 120

were recorded from these sessions. 121

Data from the “reference” sessions, “distance” sessions and the sessions from 2147 were 122

pooled together in our analysis, as long as the session had at least 8 trials for each 123

direction, start position and target position. 124

Video tracking Videos were acquired at 30 frames per second with one Raspberry Pi 125

Camera at the top of the rig. 58 sessions had videos acquired. 126

Behavior training pipeline Rats went through a series of training stages, which had 127

mainly two phases: (1) the operant conditioning phase, and then (2) the multi-directional 128

orienting phase. 129

In the operant conditioning phase, rats became familiar with the training apparatus 130

and learned to do a one step poke into the illuminated choice port. The first stage was to 131

learn to collect reward from the reward delivery port. Each trial began with the 132

illumination of the reward port, and water reward was immediately delivered upon port 133
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entry, followed by a short timeout period before the start of next trial. After the rats 134

learned to poke into the reward port reliably (not missing any reward for 6 trials in a 135

row), they proceeded to the next training stage. In the second stage, we turned on the 136

LED for several random ports at the beginning of each trial. Rats had to first poke into 137

any illuminated choice port before gaining water reward from the reward delivery port. 138

The number of the illuminated port will gradually decrease to one after several trials when 139

animals started to learn. After animals were able to poke the only illuminated choice port 140

successfully for 6 trials in a row, we will upgrade them to the second training phase. 141

In the first stage of the multi-directional orienting phase, the start port was always the 142

central port, and the target port was one of the 6 surrounding ports. Rats needed to poke 143

into the start port to trigger the target port light, and then poke into the target port after 144

a delay. Trials of the same movement trajectory was repeated until the animal could do 145

several correct trials in a row. The training of “fixation” at the start port was introduced 146

in this phase. Fixation means the rat had to keep its nose in the start port for a given 147

time period (typically > 0.5s). Fixation duration was initially 0.02 s early in the training, 148

and was gradually increased based on an adaptive steps method: the fixation duration 149

would increase on a successful fixation, and decrease when the fixation failed. We trained 150

subjects to perform fixation for at least 0.6 s before the surgery, and fixation duration 151

always jittered across trials in recording sessions. However, the speed to recover fixation 152

after the surgery varied across subjects, thus we manually adjusted the fixation duration 153

for each subject. In 2095, the mean fixation period in each session was shorter than 0.2 s 154

for around 30% of sessions. In other subjects, the mean fixation period was typically 155

longer than 0.4 s (Fig. 1I). In the second stage of the training phase, the start port could 156

be any one of the 7 ports, and the target port was one of the 6 remaining ports. Rats were 157

trained on the “target during fixation” trial class. 158

Electrophysiology Rats were unilaterally implanted with Cambridge Neurotech 159

microdrives and 64 channel silicon probes. To target the frontal orienting field (FOF), 160

silicon probes were placed at anteroposterior (AP) and mediolateral (ML) coordinates as 161
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following: rat 2068, AP +2.2, ML +1.5; rat 2095, AP +2.0, ML +1.5; rat 2134, AP +2.5, 162

ML -1.5; rat 2147, AP +2.2, ML -1.4 (Fig. 2B,C). The probes were placed initially 0.5 163

mm below the brain surface and were advanced 50 to 100 um every 1 to 4 days, after each 164

recording session. The same neurons could be sampled across sessions. 165

RNNs We trained recurrent neural networks with 100 RNN nodes using pytorch. The 166

input to the networks (at each time) was a 100-by-100 pixels image downsampled to 167

40-by-40 pixels. The RNN nodes were connected to a two node linear output layer 168

representing coordinates (x, y). The nonlinearity used in the model was tanh, and 169

stochastic gradient descent was employed during training. 170

There were 4 task configurations that differed in the reference frame of inputs and 171

outputs, namely: self-centered input, self-centered output (ego-ego); self-centered input, 172

world-centered output (ego-allo); world-centered input, self-centered output (allo-ego); 173

world-centered input, world-centered output (allo-allo). The networks were trained to take 174

flattened image inputs over 11 time frames (Fig. 10A,B). The start position was visible 175

throughout the 11 time frames, and the target position (in the relevant reference frame) 176

was visible briefly at the 4th frame. For the ego-ego and ego-allo networks, the start 177

coordinates were always at the center of the visual frame and the target coordinates were 178

the same as the movement vector. For the allo-ego and allo-allo networks, the start 179

coordinates and target coordinates were both relative to the world frame, and the world 180

frame is always at the center of the visual frame. The input image had a dark background, 181

and the start port, target port, and distractors were denoted as intensities. Specifically, 182

the start port had an intensity of 0.7, the target port had an intensity of 1, and the 183

distractor had an intensity of 0.2. 184

The networks reported the movement vector or the target position at time frame 11 for 185

ego-output and allo-output models, respectively. The target position was in the world 186

frame, whose center was (0,0) and size was 50-by-50 pixels, and the movement vector was 187

the difference between the target position and the start position in the world frame. 188

Making the up-left corner (0,0) did not change the main results. 189
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In the training set, the start port and target port coordinates were randomly generated 190

inside the world frame. In the test set, the start port and target port corresponded to the 191

24 movement trajectories in the ”reference” sessions for Fig. 11A-C and were randomly 192

generated for Fig. 11D. 193

Statistical Analysis 194

Spike sorting Spike sorting was performed with automatic clustering and manual 195

curation in JRClust. Single units were defined as those with signal-to-noise ratio larger 196

than 5, fraction of inter-spike interval smaller than 1 ms less than 1% , and within-trial 197

firing rate larger than 1 Hz. However, our main results were robust to different single 198

neuron criteria (Fig. 5). 199

Data inclusion For a unit to be included in the main figures, the session must have at 200

least 8 trials for each of the 7 start positions, 4 or 6 movement directions and 7 target 201

positions. The sessions could be “reference”, “distance”, or sessions from rat 2147. As 202

described above, there were 3 types of trial timeline in rat 2147, but only “target during 203

fixation” trials are included in the main figures. This resulted in 104 sessions and 1224 204

single cells in 4 animals. 205

In pseudopopulation decoding, we included cells from sessions that had at least 8 trials 206

for each of the 6 movement directions, 7 start positions, and 7 target positions. The 207

sessions could be “reference” or “distance” sessions. This resulted in 1197 cells from 99 208

sessions, 3 animals. 209

Video tracking was available in 58 sessions in 3 rats. 210

For neuron inclusion criteria for all the main figures, see Table 1. 211

Unless otherwise specified, only correctly performed trials were included in the analysis. 212

Time windows of neural data analysis In single-neuron level analysis for single 213

spatial variables, we focused on 4 key time windows: pre-cue, -300 to 0 ms aligned to 214

target cue onset; post-cue, 0 to 300 ms aligned to target cue onset; go, 0 to 300 ms aligned 215
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to the go sound; arrival, -150 to 150 ms aligned to arrival at the target (Fig. 1B). 216

When comparing the pure and mixed selective models (Fig. 9), we used the 0 to 500 217

ms time window aligned to the visual cue onset in. 218

Continuous time windows were in sliding windows of 300 ms width and 50 ms step, 219

aligned causally to task events, unless otherwise specified. Causal alignment means that 220

the value at time 0 refers to the neural activity in a time bin between -300 ms and 0 ms. 221

The neural responses could be aligned to the time of visual target cue onset, the go sound 222

onset, the time of “fixation out” (the time when the nose left the start port, detected by 223

the IR sensors) or target poke (the time when the nose arrived at the target port, detected 224

by the IR sensors). 225

For warped time windows, there were 3 windows of 300 ms size that spanned -900 ms 226

and 0 ms to the visual cue onset; 3 windows of variable size between the visual cue onset 227

and the go sound; 5 windows of variable size between the go sound and the target arrival; 228

and 3 windows of 300 ms size that spanned the 0 ms and 900 ms after the target arrival. 229

PETHs PETHs for example neurons were generated by convolving the spikes on each 230

trial with an causal half-Gaussian kernel of 400 ms standard deviation. Since the kernel 231

was truncated, the effective smoothing was similar to a 200 ms standard deviation 232

full-Gaussian kernel. The kernel was causal, such that smoothed estimate of firing rate at 233

time t was contributed by spikes at or before time t. Single-trial firing rate estimates were 234

then grouped and averaged over trial-conditions as described. 235

Cross-validated R2s The cross-validated R2s (denoted as CV R2s in figures) was 236

defined as 237

R2 = 1− SSres

SStot
= 1−

∑N
i=1 (yi − ŷi)2

V ar(y)

ŷi was the predicted mean spike count in the ith trial from the test set, and yi was the 238

observed spike count in this trial. In the best case, y is equal to ŷ, and the cross-validated 239

R2 is 1. In the worst case, ŷ is uncorrelated with y, and
∑

i (yi−ŷi)2

V ar(y) can be larger than 1 by 240

chance, thus CV R2s can be negative. Cross-validated R2s of the GLMs in Fig. 3, models 241
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in Fig. 9 and decoding models in Fig. 11A were derived from 10-fold cross validation. 242

Generalized linear models for single neuron selectivity We fit the neural spike 243

counts in specific time windows to 3 generalized linear models (GLMs) with Poisson 244

distributions: 245

Spikes ∼ β0 + β1Xstart

246

Spikes ∼ β0 + β1Xdirection

247

Spikes ∼ β0 + β1Xtarget

The spatial variables were all included as dummy variables. Start position had 7 levels, 248

direction had 6 levels, and target position had 7 levels. 249

In the main text, we labeled neurons as “having significant selectivity to a spatial 250

variable”. This significance is derived from the permutation test of the GLM, where the 251

test statistic was the log-likelihood of the GLM, against the null hypothesis that the 252

log-likelihood was not significantly different from when trial labels were shuffled. For each 253

spatial variable, the trial labels were shuffled 5000 times to obtain a distribution of the 254

shuffled model log-likelihoods, then the p value of the GLM was the fraction of shuffled 255

log-likelihoods that were greater than the log-likelihood from actual data. 256

The best selectivity of a neural response (Fig. 4A) was assigned to the spatial variable 257

with the smallest p value of the GLM. When there were ties in p values, we additionally 258

compared the cross-validated log-likelihoods, and the best selectivity was assigned to the 259

spatial variable with the largest sum of log-likelihoods. The reason for possible ties is that 260

we are using permutation tests with 5000 permutations. 261

The cross-validated log-likelihoods were calculated with leave-one-out cross validation. 262

We assumed spike counts to follow the Poisson distribution, and the cross-validated log 263

likelihood is defined as 264

LL =
N∑

i=1

log(P (yi|ŷi))

P (yi|ŷi) denote the probability of observing the spike count on the ith trial being yi, given 265
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the predicted mean spike count being ŷi. N denote the number of trials. 266

In Fig. 4 B, the R2s were derived from GLMs without cross-validation. Only the 267

model with the largest R2 was plotted with the corresponding color at each time point. 268

Both the best GLM measurement and the R2 measurement for the relative strength of 269

spatial selectivity were robust to the task-induced correlation between spatial variables, 270

which was verified with synthetic data (Fig. 4C,D). 271

Spatial preference of single neurons The preferred direction of a neuron in a 272

specific time window was defined as the direction of the weighted vector sum of the 273

coordinates of the 6 movement directions, where the weight for each direction was the 274

mean firing rate in that direction. Horizontal directions were defined as directions between 275

−45◦ and 45◦ around the horizontal directions, and so was for vertical directions. 276

Downward directions were directions that were −90◦ to 90◦ around the downward 277

direction, and so was for upward directions. The preferred position of a neuron at a 278

specific time window was simply denoted as the port with the highest mean firing rate. 279

Start-target tuning correlation The start-target tuning correlation in Fig. 7D was 280

defined as the Pearson correlation between the tuning curve for start position in the 281

“pre-cue” window and target position in the “arrival” window: 282

ρ = cov(FRstart, FRtarget)/σ(FRstart)σ(FRtarget)

FRstart is a vector where each element is the mean firing rate for a specific start position, 283

and FRtarget is a vector where each element is the mean firing rate for a specific target 284

position. Similarly, we calculated the start-target tuning correlations for different pairs of 285

time windows and the tuning correlation between time ti and tj for the same variable. 286

The time windows were warped to align to the time of the visual cue, the go sound and 287

the target poke. The 300 ms “pre-cue” and “arrival” time windows were preserved. For 288

each time, we randomly split the trials in the session into two sets and then we used start 289

tuning in the first set versus target tuning in the second set, and vice versa, and then took 290
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the average of the two correlation coefficients. 291

The tuning correlation was subject to the Fisher-z transformation, and then tested 292

against the null hypothesis that the mean value across a specific neural population was 293

not significantly larger than zero. The p value indicated the fraction of mean lying below 294

zero among 104 bootstraps, and was corrected with Bonferroni correction. 295

Timing of start-target switching In Fig. 7 I, spike counts in causal 300 ms time 296

windows of 50 ms steps were fit to the Poisson GLM of either start or target position. The 297

R2s of each GLM across time was smoothed with a moving average kernel with the size of 298

3 bins, and then the start GLM R2 was subtracted by the target GLM R2. The time of 299

switching from start encoding to target encoding was defined as the first time window 300

where R2
start −R2

target < 0, after the positive peak of R2
start −R2

target. 301

Mixed selectivity To detect mixed selectivity for each neuron, we compared between 4 302

models of the neural firing rate. 303

In the Gaussian direction tuning model, the firing rate was a Gaussian function 304

centered by the preferred direction, defined as in the “Spatial preference of single neurons” 305

section in Methods. 306

f(θ) = b0 + b1
1

σ
√
2π

exp(− θ2

2σ2
) (1)

In the start position plane model, the firing rate was modulated linearly by the horizontal 307

and vertical coordinates of the start position. 308

f(x, y) = b0 + b1x+ b2y (2)

In the gain field model, the firing rate was a multiplicative combination of a Gaussian 309

tuning centered by the preferred direction and a start position modulation. 310

f(θ, x, y) = b0 + (b1x+ b2y)
1

σ
√
2π

exp(− θ2

2σ2
) (3)

In the additive model, the firing rate was an additive combination of a Gaussian tuning 311
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centered by the preferred direction and a start position modulation. 312

f(θ, x, y) = b0 + (b1x+ b2y) +
b3

σ
√
2π

exp(− θ2

2σ2
) (4)

In these functions, f was the firing rate, θ was the movement direction relative to the 313

preferred direction, and x and y are the horizontal and vertical coordinates of the start 314

positions in the port wall. b0,1,2,3 and σ were fit for each model with maximum likelihood 315

estimation assuming Poisson spike counts, using the Matlab fmincon function. The 316

models were fit with 20-fold cross validation. 317

For each pair of models, we compared the cross-validated R2s among neurons whose 318

average of cross-validated R2s of the 4 compared models was larger than 0.05. Significance 319

level was tested against the null hypothesis that the mean difference between the Fisher-z 320

transformed cross-validated R2s in the x-axis model and the y-axis model was not 321

significantly larger than zero, quantified as the fraction of the mean value smaller than 322

zero among 105 bootstraps. 323

For a given movement direction, the target position coordinates were simply an 324

additive translation of the start position, thus the start position and target position 325

modulations were the same in the gain field model and the additive model. 326

Pseudopopulation decoding Pseudopopulations were constructed separately when 327

decoding each spatial variable. For example, when decoding the start position, we 328

constructed the pseudopopulation by resampling trials for each start position. For each 329

neuron, trials were randomly split into 2 folds for each condition of the spatial variable, 330

and 32 trials were resampled for each fold in each condition, yielding 224 trials per fold for 331

position decoding and 192 trials per fold for direction decoding. These resampled trials 332

were termed “pseudo-trials”. Pseudo-trials were resampled randomly with a different seed 333

for each neuron, so as to remove trial-by-trial correlations between neurons in the same 334

session. 335

We included single neurons from sessions that had at least 8 trials for each of the 7 336
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start positions, 6 directions and 7 target positions (1197 neurons, 99 sessions, 3 rats). In 337

each pseudopopulation, neurons were also resampled with a different seed, so that only 338

about 63.2% of the neurons were included in each pseudopopulation. We generated 100 339

pseudopopulations for the decoding each spatial variable. 340

The error of decoding was defined as the Euclidean distance between true and 341

predicted coordinates. The goodness of prediction was measured as the mean error 342

between the predicted and the actual coordinates across all the pseudo-trials in that 343

pseudo session. For start and target position, we removed the trials with [0 0] coordinates 344

from the quantification of decoding accuracy. This is because predictions from 345

unsuccessful decoding tend to cluster at the [0 0] coordinates, so decoding accuracy for the 346

[0 0] coordinates in positions (i.e. the central port) will always seem “good”. 347

Decoding was performed with multivariate regression models (mvregress function in 348

Matlab Statistics and Machine Learning Toolbox). The spike counts of the training set 349

and the test set were first combined, z-scored, and applied to principle component 350

analysis, and then split again for training and decoding. We found that the 351

cross-validated decoding accuracy was the best when including only the first 4 PCs when 352

decoding start position from neural activity in the “pre-cue” time window (Fig. 6A), so 353

we used 4 PCs for all subsequent pseudopopulation decoding. 354

In Fig. 6B, multivariate regression models were trained and tested with spike counts 355

in 3 key time window as indicated in the plot (see “Key time windows” section for details). 356

The plots showed the result from one example pseudo-session, the same pseudo-session as 357

the first row in Fig. 6C. In Fig. 6C, the time windows were 300 ms width with 50 ms 358

step, causally aligned to the go sound. Each row was a different pseudo-session. Each row 359

of the heat map was a pseudopopulation with a different resampling of neurons, and the 360

color indicated the mean error with two-fold cross-validation. In Fig. 6D, the mean error 361

of one spatial variable was subtracted by the mean error of another spatial variable in 362

each pseudopopulation, termed the Delta error, which represented the relative goodness of 363

decoding between the two spatial variables. The distribution of Delta errors of the 100 364

pseudopopulations was then illustrated with the mean and standard deviation. 365
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In Fig. 6E, models were trained at one time window and tested at another also with 366

two-fold cross validation. In the last panel, a multivariate regression model was trained to 367

decode start position coordinates from the start position pseudopopulation data, and then 368

tested its decoding of target position coordinates from the target position 369

pseudopopulation data. The heat map showed the average of mean errors across 100 370

pseudopopulations. P values for multiple comparisons were obtained with extreme 371

pixel-based permutation test (Cohen, 2014). One dummy heat map was generated for 372

each pseudopopulation by shuffling trial labels, and the maximum of each heat map was 373

gathered to construct a null distribution. The white contours enclosed the area in which 374

the averaged mean error was smaller than the minimum value of this distribution 375

(p < 0.01). 376

Head position estimation and correlation with movement direction We 377

estimated the coordinates of the head, the ears and the hip of the rat in the video frames 378

using DeepLabCut (Mathis et al., 2018). Coordinates were in the unit of pixels. The head 379

position was approximated as the Intan chip plugged on the animal’s head. For continuous 380

sampling of body coordinates aligned to task events, we linearly interpolated to achieve 381

the sampling rate of 100 frames per second. In Fig. 1J, we plotted the horizontal head 382

coordinates in an example session during center-out trials aligned to the visual cue onset. 383

For each session, we fitted the horizontal head position coordinates in the video pixel 384

space to a linear mixed effect model: headx 1 + direction+ (1|startpoke). The directions 385

and the start pokes were included as factors. We then plotted the distribution of the 386

p-value of this model for each session across time in Fig. 1K. 387

RSA analysis on RNN data To examine the representation similarity between the 388

hidden units in the RNN and the real neurons, we focused on the hidden unit activity at 389

frame 3, 7 and 11. These frames corresponded to real neural activity during the pre-cue, 390

post-cue and go time windows in the task, respectively. We first computed the first 4 391

principle components of the hidden unit activity and real neuron activity separately, 392
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under the 24 movement trajectories. We then constructed the representation dissimilarity 393

matrix (RDM) for the two datasets by calculating the correlation coefficients for each pair 394

of trial configurations. Finally, we computed the Pearson correlation coefficient for the 395

linearized lower-triangular matrix for the two RDMs, as the measurement for the 396

similarity between neural representation of the RNN and the real neurons. 397

Synthetic data To verify the reliability of our model comparison approaches, we 398

performed the same analysis on synthetic data which were known to have specific spatial 399

tuning as on real neurons. Synthetic neurons were generated to have a known spatial 400

tuning, to match the tuning curve and the overall firing rate of a real neuron, and as if the 401

behavior was sampled from a real session. 402

To synthesize a neuron that had a specific tuning function, we first fit the spike counts 403

of a real neuron to that tuning function, so as to obtain the predicted firing rate at each 404

trial condition. We then randomly selected a real session and predicted the firing rate 405

from the tuning function and the behavioral data in that session. We finally used a 406

Poisson random process to generate spike counts that followed these predicted firing rates. 407

In the synthetic data for GLMs, we only used neurons that have significant selectivity 408

to that GLM (p < 0.01) to generate synthetic data. In synthetic data to compare between 409

pure and mixed selectivity models, we used all neurons to generate synthetic data. 410

Following stages of analyses was identical for synthetic data and real data. If our 411

methods were reliable, the synthetic data designed to have a specific functional form 412

would be best fit by the same functional form. 413

Statistical analysis softwares Statistical analysis for the behavioral and neural data, 414

as well as the RSA analysis was performed in Matlab unless otherwise specified. 415

Statistical analysis for the decoding of spatial variables from hidden units of the RNNs 416

were performed in Python. 417
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Results 418

We trained rats to perform visually-guided orienting movements to multiple directions and 419

multiple target positions (Fig. 1A,B). The training apparatus consisted of a vertical port 420

wall with 7 operant ports and an additional port for reward delivery. Each trial began 421

with illuminating the yellow and blue LEDs around a ‘start port’, which was randomly 422

chosen from one of the 7 operant ports. Rats fixated in the start port until a go sound. 423

The start port LEDs extinguished at the beginning of fixation, and the target port was 424

illuminated with blue LEDs shortly after fixation onset with 0 to 0.29 s delay. After the 425

go sound, rats withdrew from the start port and moved to the target port. The target 426

port LEDs extinguished once the animal arrived at the target port or when the animal 427

poked in another port in error. If the rat poked in the correct port, the water delivery 428

port LED illuminated, a “correct” sound was played, and reward could be collected at the 429

reward port. If the rat poked into the wrong port, an “error” sound was played and there 430

was no reward. A trial was considered incomplete if the animal did not poke into any port 431

after the start port within 15 seconds. Unless otherwise specified, incomplete trials and 432

fixation violations were not included in analyses. 433

The task involved 6 movement directions and 7 start and target positions. Throughout 434

the paper we indicate self-centered movement directions with a blue-red (left-right) and 435

dark-light (down-up) color scheme (Fig. 1C). For world-centered positions we use a 436

green-orange (left-right) and dark-light (down-up) color scheme (Fig. 1D). Out of the 437

possible 42 movement (7 start ports × 6 target ports) we selected 30 movement 438

trajectories to include in the task (Fig. 1E). Each session only involved a subset of 16 to 439

24 trajectories out of the 30 (see Methods for details), and data from these sessions are 440

pooled unless indicated. 441

Rats performed 318.89 ± 7.76 (mean ± s.e.) trials in each 1.5 hour recording session. 442

As expected from a visually-guided task, performance was good (% Correct = 94.03% ± 443

0.53%, mean ± s.e., n=104 sessions; Fig. 1F). Most of the errors were made into the 444

same left/right direction relative to the instructed direction (Fig. 1G, % Same = 445
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93.55%± 0.19%, mean ± s.e.), that is, most errors were made upper or lower relative to 446

the instructed direction. Lower errors were significantly more common than upper errors 447

in two of the four subjects (Fig. 1H; subject 2068, t(35.95) = 1.46, p = 0.154; subject 448

2095, t(76.53) = 12.08, p = 2.11 · 10−19; subject 2134, t(59.90) = 4.82, p = 1.01 · 10−5; 449

subject 2147, t(6.11) = −1.29, p = 0.26, Welch’s t-test). The fixation period was between 0 450

and 1.2 s among the 4 animals (Fig. 1I). 451

The heads of the rats were kept still during the fixation period (Fig. 1J). To test 452

whether subtle shifts in the head-position during fixation could predict upcoming choice, 453

we regressed the horizontal head position to the upcoming movement direction and 454

plotted the p-value across time. For most sessions, p was larger than 0.05 until 0.2s after 455

the go sound, indicating that the head position during fixation was not significantly 456

correlated with the future movement direction (Fig. 1K). 457

FOF neurons were tuned to self-centered movement directions and 458

world-centered head positions. 459

We reasoned that if preparatory activity in the FOF represents self-centered movement 460

direction, then neurons would fire similarly during trials with the same direction. 461

Similarly, if the preparatory represents the upcoming world-centered target position, 462

neurons would fire similarly during trials into the same target position (Fig. 2A). 463

Movement trajectories in our task allowed us to dissociate these different scenarios. 464

We recorded 1224 single neurons in the FOF from 104 sessions in 4 rats (Fig. 2B,C). 465

As expected from previous studies (Erlich et al., 2011), there were neurons strongly tuned 466

to the self-centered movement direction, during the planning phase (Fig. 3A-C) or the 467

execution phase (Fig. 3D-F,G-I). Interestingly, there were also neurons more strongly 468

tuned to the world-centered target position than self-centered movement directions upon 469

target arrival (Fig. 3J-L,M-O,P-R). When firing rates were conditioned on both 470

direction and target position, many neurons seemed to code the conjunction of position 471

and direction (Fig. 3C,F,I,O,R). We will address conjunctive coding in later sections. 472

First, we will ask which spatial variable do FOF neurons most strongly encode at each 473
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phase of the trial? 474

FOF neurons encoded self-centered movement plans prior to 475

world-centered target positions. 476

From visual examination of neural activity, there was considerable heterogeneity in task 477

variable tuning as well as the temporal dynamics of tuning across the trial. To get a 478

holistic view of the temporal dynamics of spatial tuning in single neurons, we fit the spike 479

counts of each neuron in four 300 ms time windows to the three Poisson GLMs, one for 480

each variable of interest (start position, direction or target position). The time windows 481

were: ‘pre-cue’, -300 ms to 0 ms aligned to the visual cue onset; ‘post-cue’, 0 ms to 300 ms 482

aligned to the visual cue onset; ‘go’, 0 ms to 300 ms aligned to the go sound; ‘arrival’, -150 483

ms to 150 ms aligned to the target arrival (Fig. 1B). We fit three separate GLM instead 484

of a single GLM including all variables because that design matrix would not be full rank 485

due to the linear relationship between variables: target = start + direction. 486

Of the 1224 neurons, 541 (44%) were selective to one or more task variables (start 487

position, direction or target position) in at least one time window. Due to the correlations 488

between variables in the task, a neuron with strong pure start tuning could be found to be 489

spuriously tuned for direction since, for example, for trials starting at the bottom-left port 490

there are three possible movements, two of which are rightward. To address this potential 491

confound we estimated which of the three task variables best explained the neural activity 492

in each time window. Most neurons were best tuned to the start position in the pre-cue 493

time window. After the visual cue onset, direction tuning increased, whereas target 494

position tuning emerged later and peaked at the arrival time window (Fig. 4A). Thus, 495

the neurons in FOF encoded the egocentric movement direction before the allocentric 496

target position, even though the appearance of a visual target cue provided information 497

about the movement direction at the same time as the target position. We then extended 498

the analysis by sliding time windows aligned to the visual cue, go sound or target arrival, 499

and the same temporal trend was captured by the R2s of the corresponding GLMs across 500

time (Fig. 4B). Note the clear visual transition from red (start) to green (direction) to 501
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blue (target) over time. 502

To validate our method of assigning which single task variable best explained neural 503

activity, we generated synthetic neurons that had a specific spatial tuning with matched 504

firing rate and tuning strength to real neurons, and found that more than 70% of 505

synthetic neurons were assigned to the generative variable. The majority of errors were in 506

the failure of detecting any selectivity, rather than errors in classification (e.g. incorrectly 507

labeling a ‘start’ neuron as ‘untuned’ rather than a ‘direction’ or ‘target’ neuron) (Fig. 508

4C). If we ignore false negatives, then the correct assignment was above 90%. The correct 509

assignment rate in the three synthetic data groups were not significantly different 510

(χ2(2, N = 1623) = 1.65, p = 0.439). The R2s of the GLMs were also verified to capture 511

spatial selectivity, in that synthetic start neurons had high R2 for start and likewise for 512

synthetic direction and target neurons (Fig. 4D). 513

The findings about the relative time course of selectivity were robust to different 514

inclusion criteria for neurons, such as firing rate and signal-to-noise ratio (Fig. 5A-E). 515

The results were also reliable across the rats in the study, with 3/4 rats clearly showing an 516

increase in direction tuning earlier than target position tuning (Fig. 5F). 517

In the single-neuron analysis above, we found that at the time of the go signal, more 518

neurons were best described as ‘direction’ rather than ‘target’ neurons. However, a neuron 519

that is best described as a ‘direction’ cell, might also have target information. To 520

investigate the relative emergence of task variable encoding without the lens of ‘best single 521

variable’ categories, we examined the geometry of spatial representation on a continuous 522

scale at the population level using pseudopopulation decoding. To generate 523

pseudopopulations, we pooled all the neurons across sessions where there were at least 8 524

trials for each start position, direction or target position. This criteria restricted our 525

dataset to 1197 neurons from 99 sessions. To prevent a few neurons in the population 526

from dominating the decoding, we randomly resampled the neurons with replacement to 527

construct 100 pseudopopulations. We decoded the x and y coordinates of each task 528

variable using multivariate linear decoders with two-fold cross validation, from the first 4 529

principle components of the pseudopopulation activity in 300 ms time windows (Fig. 530
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6A). The errors, defined as the Euclidean distance between the predicted and the actual 531

spatial coordinates, were as small as the radius of the port (around 11 mm) at the best 532

time window for each spatial variable (Fig. 6B&C). Put in other words, the geometry of 533

both the movement directions and the port positions were embedded in a linear subspace 534

of the FOF activity. 535

Pseudopopulation decoding accuracy also demonstrated the sequential encoding of 536

start position, movement direction and target position. The relative goodness of decoding 537

between two spatial variables was quantified as the difference between the two mean 538

decoding errors (Fig. 6D). Start position was decoded better than movement direction or 539

target position in the early phase of a trial. At the time of the go cue, direction decoding 540

was better than target decoding (p = 4 · 10−4, permutation test with 5000 shuffles). Then 541

target decoding became better than direction decoding at 0.65s after the movement onset. 542

We examined the stability of representations by training decoders at one time and then 543

testing them at other times (Fig. 6E). We found start position tuning was stable across 544

much of the trial. Direction coding was stable from cue onset to shortly after the go cue, 545

but then switched modes during the movement. This is consistent with results from mouse 546

motor cortex (Inagaki et al., 2022). Target decoding emerged after the go cue and was not 547

particularly stable across the movement period. Interestingly, decoders trained with start 548

positions during fixation could accurately decode target positions around target poke, 549

suggesting a consistent coding for the current head position throughout the trial. 550

Single FOF neurons were tuned to specific port positions regardless of 551

trial epoch. 552

We reasoned that the stable position coding (rightmost panel in Fig. 6E) in the 553

pseudopopulation could be supported by single neurons that had tuning for a specific 554

position regardless of the time in the trial. For example, a neuron that fired strongly for 555

the top-left port during the early fixation period, also responded strongly at the end of the 556

trial when the top-left port was the target. Indeed, we found neurons whose tuning for the 557

start port during fixation was similar to the tuning for the target port when the head 558
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arrived at the target (Fig. 7A-B). We quantified this consistency using the Pearson 559

correlation between start position tuning in the “pre-cue” window and target position 560

tuning in the “arrival” window, and denoted this as the “start-target tuning correlation” 561

(Fig. 7C). Among neurons selective to both the start and the target position (p < 0.05 562

for both the start and the target GLMs, n = 174), the mean start-target tuning 563

correlation was significantly positive (0.66, [0.61,0.70], mean, [95% CI], p = 2 · 10−4, 564

permutation test with 10000 replicates) (Fig. 7D). 565

To investigate the temporal dynamics of the correlation across the trial, we computed 566

the start-target tuning correlation for each neuron between one time window and another. 567

Among neurons selective to both the start and the target position (p < 0.05 for both the 568

start and the target GLMs, n = 174), the mean correlation between start position tuning 569

early in the trial and target position tuning around target poke were positive (Fig. 7E). 570

For comparison, in the same group of neurons, the peak of the mean start-target tuning 571

correlation among these neurons was 0.555, on the same scale as the target-target tuning 572

correlation, which was 0.579, suggesting highly consistent start and target position tuning 573

(Fig. 7F&G). 574

The consistency of start position and target position tuning were not limited to 575

strongly tuned neurons. Among all the neurons with spatial selectivity (p < 0.05 for any 576

one of the GLMs, n = 808), the start tuning correlation, the target tuning correlation, and 577

the start-target tuning correlation were all positively correlated (start tuning correlation 578

and target tuning correlation, r(806) = 0.383, p = 4.49 · 10−7; start tuning correlation and 579

start-target tuning correlation, r(806) = 0.354, p = 2.85 · 10−6; target tuning correlation 580

and start-target tuning correlation, r(806) = 0.270, p = 5.56 · 10−4; Pearson correlation). 581

In other words, neurons tuned to the start position were more likely tuned to the target 582

position, and the start and target tunings were more likely to be consistent. Collectively, 583

these evidence suggested that single FOF neurons tracked the current head position. 584

One might notice the correlation between start position tuning late in the trial and 585

target position tuning early in the trial (Fig. 7E). This was due to the correlation 586

between start and target positions in the task, which led to the weak ‘mirroring’ of the 587

23/48

JN
eurosci

 Acce
pted M

an
uscr

ipt



strong early-start to late-target correlation. 588

Start position encoding transitioned to target position coding mainly during the 589

movement period (Fig. 7H). We fit the neural spike counts across time to the start and 590

the target GLMs, and defined the time of transition as the time when the R2 of the start 591

position GLM first became smaller than the target position GLM (see Methods for 592

details). For most of these neurons, the switch time was between the go sound and the 593

target poke arrival time. 594

The numbers of neurons preferring each start position and target position spanned 595

across all the ports (Fig. 7I-J). The preferred positions were not uniformly distributed. 596

There were more neurons with preferred start positions (χ2(6, N = 202) = 17.35, 597

p = 0.009) and target positions (χ2(6, N = 209) = 48.39, p = 9.86 · 10−9) at the most 598

leftward and rightward ports. Consistent with the current head position coding, the 599

distribution of the preferred start position among start position selective neurons were not 600

significantly different from the distribution of preferred target position among target 601

position selective neurons (χ2(6, N = 411) = 9.67, p = 0.139, Fig. 7I&J). 602

FOF neurons represented movement directions asymmetrically. 603

Despite our ability to decode both the vertical and horizontal direction during planning 604

(Fig. 6B), single neurons in the FOF were not tuned equally to all movement directions 605

(Fig. 8A). First, there were significantly more neurons that preferred horizontal 606

directions than those who preferred vertical directions (χ2(1, N = 274) = 76.91, p = 0 for 607

the go window). Interestingly, rats mostly made errors into the same left/right side as 608

instructed (Fig. 1G), which indicates that the over-representation of horizontal directions 609

might be behaviorally relevant. Consistent with previous findings, there was no significant 610

difference between the numbers of neurons preferring the ipsilateral and the contralateral 611

side (χ2(1, N = 274) = 0.88, p = 0.34, Erlich et al., 2011). However, when we consider 612

only the vertical aspect of tuning, there were significantly more neurons whose vertical 613

preference was downwards rather than upwards (χ2(1, N = 274) = 5.37, p = 0.02 for the 614

go window). The direction tuning of single neurons were stable across time. The R2s of 615
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the direction GLM remains high over hundreds of milliseconds (Fig. 8B), and the 616

Pearson correlation of direction tuning curves were significantly larger than zero spanning 617

over the fixation and the movement period (Fig. 8B). 618

Mixed selectivity of movement direction and head position. 619

In previous analyses, we examined the encoding and decoding of one spatial variable at a 620

time, although single FOF neurons seemed to encode the conjunction of multiple spatial 621

variables by visual inspection (Fig. 3). Nonlinear mixed selectivity supports flexible 622

readout by allowing high-dimensional representation of information from multiple sources 623

(Rigotti et al., 2013). For example, a nonlinear transformation is required to compute 624

distance (
√

x2 + y2) from neurons that encode x and y position. 625

Gain field models are a common function form of nonlinear mixed coding of spatial 626

information. They are so named since the information of one source multiplicatively 627

modulates the information of another source (Andersen et al., 1990, 1985, Andersen and 628

Mountcastle, 1983, Salinas and Sejnowski, 2001). For example, the primate frontal eye 629

field encodes a gain field mixture of the initial eye-in-orbit position and the saccade vector 630

(Cassanello and Ferrera, 2010, 2007). Following this, we hypothesized that FOF activity 631

might be described as a gain-field mixture of the current position and the upcoming 632

movement direction. We tested the hypothesis by comparing four encoding models: a pure 633

direction tuning model (“Direction” model, Eq. 1, see Methods), a pure position tuning 634

model (“Start” model, Eq. 2), an additive mixed tuning model (“Additive” model, Eq. 4), 635

and a gain-field mixed tuning model (“Gain field” model, Eq. 3). 636

For each neuron, we fit spike counts in the 0 to 500 ms time window aligned to the 637

visual cue onset to the four function forms (Fig. 9A-C), and quantified the goodness of 638

fit with cross-validated R2 (CV R2). The vast majority of neurons were categorized as 639

best fit by the gain field model, and the fraction of neurons best fit by a gain field model 640

grew when the comparison was restricted to more spatially selective neurons (Fig. 9D). 641

Among neurons whose average CV R2s for the 4 models were larger than 0.05 (n = 199), 642

the mean CV R2 for the gain field model was significantly larger than all the other models 643
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(Fig. 9E, Table 2). The result was qualitatively the same for spike counts in the -300 to 644

500 ms window aligned to the go sound, as well as in the 500 ms window with maximum 645

cross-trial-type variance aligned to the visual cue onset, demonstrating consistency across 646

time. Thus, the majority of FOF neurons had nonlinear mixed selectivity to the 647

self-centered and the world-centered spatial variables, consistent with findings in the 648

primate frontal and parietal cortices during motor planning (Andersen et al., 1990, 1985, 649

Andersen and Mountcastle, 1983, Salinas and Sejnowski, 2001). 650

FOF population activity is most similar to a recurrent network with 651

self-centered input and self-centered output. 652

Gain fields have been suggested as a powerful computational mechanism for reference 653

frame transformation, as it allows a downstream population to read out an arbitrary 654

combination of the spatial information from different sources (Pouget and Sejnowski, 655

1997, Salinas and Abbott, 1995). That said, our data doesn’t provide strong evidence 656

whether the FOF is involved in the reference frame transformation from a self-centered 657

target direction to world-centered target position or alternatively inherits target position 658

representations from upstream regions. We turned to a computational modeling approach 659

to gain insight into this question. 660

We analyzed the activity of four types of networks (n=20 per class) trained on a task 661

similar to the visually-guided delayed-orienting task. The four types each had different 662

input and output reference frame configurations: self-centered input and self-centered 663

output (ego-ego); self-centered input and world-centered output (ego-allo); world-centered 664

input and self-centered output (allo-ego); world-centered input and world-centered output 665

(allo-allo). The inputs to the networks were a flattened image with four major elements: 666

the visual frame (outer frame), the world frame (inner frame), the start port and the 667

target port (Fig. 10A). There were 11 time frames in a trial. The target port was 668

transiently visible at the fourth time frame, and the other three elements were visible 669

throughout the 11 time frames. In ego-input networks, the start port was always at the 670

center of the visual frame, whereas in allo-input networks, the world frame was always at 671

26/48

JN
eurosci

 Acce
pted M

an
uscr

ipt



the center of the visual frame (Fig. 10B). On time frame 11, ego-output models were 672

required to report the movement vector coordinates, and allo-output models were required 673

to report the target position coordinates in the world frame. 674

Ego to allo coordinate transformations were required in ego-allo and allo-ego models 675

but not in the ego-ego and allo-allo models. This was because in the ego-ego and allo-allo 676

cases, the final output coordinates were both simply the position of the target port in the 677

visual frame. Thus in these scenarios, there was a one-to-one mapping between the final 678

output and the the position of the target port in the flattened image input. However, in 679

the ego-allo and allo-ego cases, there were no such one-to-one mappings. These models 680

needed to calculate the difference between two dynamic elements in the flattened image 681

input. The ego-allo model needed to calculate the difference between the target port and 682

the origin of the world frame, and the allo-ego model needed to calculate the difference 683

between the start port and the target port. That said, all models required the networks to 684

learn to extract specific visual information (in a pixels coordinate system) and output the 685

information in a Cartesian coordinate system. 686

We decoded the start position, target position, and the movement vector from the 687

hidden unit activity during test trials with a linear decoder, similar to what we did for 688

real neurons. Visually, we found that the movement vector could be decoded earlier than 689

the target position from the ego-ego and the ego-allo networks, similar to the temporal 690

profiles in the FOF population. The temporal order was not clear in the allo-ego model 691

and was reversed in the allo-allo model (Fig. 11A). 692

To quantify the similarity between recorded neurons and the four models, we applied 693

representation similarity analysis (RSA) between the FOF population activity patterns 694

and hidden unit activity patterns (Fig. 11B,C). RSA is a powerful technique to compare 695

activity in networks (real or artificial) with different architecture, as long as the same 696

stimuli can be presented to each network (Kriegeskorte, 2008). The idea behind RSA is to 697

first estimate correlation between stimulus evoked activity patterns in each network and 698

then to compare the patterns of correlations across the two networks. The ego-ego model 699

activity was significantly more similar to the real neural population than the other three 700
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models (p < 0.0001 in at least one time window; see Table 3). The key features driving 701

this effect are that direction information emerges early (in the post-cue period) and is 702

stronger than target position at the time of the go cue. Only the ego-ego model has both 703

of these features. This supports our findings that planning in the FOF takes place in 704

egocentric coordinates. It further hints that the allocentric positional information found in 705

the FOF may not be central to its role in this task. 706

Interestingly, all four models showed gain-field-like activity in some of the hidden units 707

(Fig. 11D), indicating that gain-field modulation is not uniquely associated with 708

reference frame transformation that require vector subtraction within the network. It 709

suggests that in a visual scene with multiple features (the visual vs. world frame, start 710

and target pixels and distractors), even identifying a specific element and transforming its 711

position into a Cartesian coordinate system is sufficient for gain fields to emerge. Thus, 712

despite the observation of allocentric spatial information in the FOF during the movement 713

period and gain modulation of egocentric tuning by position, our modeling results indicate 714

that these features can emerge even in a network that is not performing an ego-allo (or 715

allo-ego) coordinate transform. 716

Discussion 717

Motor planning in rodents has previously been studied with tasks where the action space 718

is either very high dimensional (such as navigating a maze or an open field) or very low 719

dimension (such as 2AFC or go-nogo tasks). We took an intermediate approach with an 720

orienting task that involved 6 movement directions and 7 head positions. We observed 721

encoding of both egocentric and allocentric spatial parameters at the single-neuron and 722

population level in the FOF. At the population level, two distinct 2D maps could be 723

decoded from the neural activity in the FOF: a 2D map of current position on the poke 724

wall and a 2D map of the future movement vector. The encoding of allocentric start 725

position, egocentric movement direction and allocentric target position emerged 726

sequentially over the trial. Despite the presence of allocentric information in the FOF, 727
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preparatory activity was in the egocentric reference frame. 728

This work presents a substantial advance in the conception of the function of the FOF. 729

First, we established that preparatory activity in the FOF is encoded in a self-centered 730

(egocentric) reference frame, consistent with the consensus view of preparatory activity in 731

the primate frontal eye field (FEF; Schall, 2009). This preparatory activity is relatively 732

abstract compared to the specific muscle sequence required for a movement: the upcoming 733

direction of movement could be decoded ignoring the start position (Fig. 6B). This 734

finding is again consistent with findings from the FEF: auditory and visually guided 735

saccades produce similar activity in the FEF even though they result in different eye/head 736

kinematics (Russo and Bruce, 1994). Thus, although the preparatory activity is 737

self-centered, neither the activity in FEF nor FOF are likely to represent a motor 738

command, but instead represents an abstract command to shift attention to a part of 739

space. Alternatively, it might not represent a command at all, but represent a utility or 740

priority map (Bisley and Mirpour, 2019) which is used to generate movement commands 741

in a downstream region, like the superior colliculus. 742

Our result builds on a recent interesting finding of world-centered spatial context 743

modulating self-centered movement planning in rat M2 during navigation (overlapping 744

anatomically with the region we define as FOF; Olson et al., 2020). The authors deduced 745

that the M2 integrates spatial information toward the updating of planned movements. 746

However, their animals were not explicitly cued on each trial about the goal location or 747

direction while navigating along a triple T-maze, which precluded them from 748

demonstrating the temporal pattern of spatial encoding of different reference frames. 749

With a good experimental control over planning versus execution phases in our task, we 750

demonstrated that planning is done preferentially in egocentric coordinates. Moreover, our 751

comparison between the dynamics of the FOF neurons and the artificial neural networks 752

using RSA casts doubt on the idea that the FOF transforms spatial information from one 753

reference frame to another. A second difference is that we use a vertically oriented port 754

wall instead of maze, which allowed us to demonstrate that the FOF contains two 755

2-dimensional maps (azimuth and elevation): one for position and one for direction (Fig. 756
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6B). 757

Although, it may appear that the FOF encodes the current position in a place-cell like 758

fashion, there are ‘allocentric’ features of the box that could lead to this kind of tuning. 759

For example, the right mystacial whiskers might touch the box edge when animals are in 760

the right-most port or there could be visual cues that change (distance to the wall or box 761

edges) depending on the position of the subject in the ports. That said, most of the 762

position-tuned neurons had spatially smoothed tuning. For example, firing highest for the 763

middle left port, but responding moderately to top left or bottom left (Fig. 3K). While it 764

is not impossible for sensory responses to have this spatially smooth tuning (e.g. distance 765

from an odour cue), it seems parsimonious to describe these as allocentric position tuned 766

responses. Further experiments are required to better understand the nature of the 767

allocentric tuning observed. 768

Subjects made few errors in the task, but when they did, they mostly made up/down 769

errors rather than errors to the left or right (Fig. 1G), and two of the four rats made 770

significantly more errors downwards than upwards (Fig. 1H). At the neural level, there 771

was an over-representation of horizontal relative to vertical direction coding in the FOF, 772

and when considering the vertical tuning, an over-representation of downwards versus 773

upwards directions (Fig. 8). Although we do not have evidence for a causal relationship 774

between these behavioral and neural observations, one might speculate that the horizontal 775

over-representation in the FOF might be behaviorally relevant. In the hippocampus and 776

entorhinal cortex, representations of the trajectories taken by rats are over-represented, 777

even when the trajectories fill 3D space (Grieves et al., 2020, Hayman et al., 2011, 778

Jovalekic et al., 2011). In our task, all instructions had a horizontal component and overall 779

the poke wall is wider than it is tall which could produce a horizontal bias, but it seems 780

surprising that this would generate such an extreme bias in neural tuning. In contrast to 781

our findings, there were more pitch (up/down) tuned neurons than azimuth (left/right) 782

tuned neurons reported in the M2 in rats foraging in a large arena (Mimica et al., 2018, 783

2023). There were two key differences between our experiment and theirs: first, they 784

recorded from a larger anterior-posterior range of M2; second, our rats were under tight 785

30/48

JN
eurosci

 Acce
pted M

an
uscr

ipt



experimental control in a small enclosed training box whereas their rats were foraging 786

freely in an open arena. In nature, when rodents are foraging in the open, attending to 787

overhead events is essential to avoid predation (Wallace et al., 2013). It would be 788

interesting to record the same neural populations in two tasks: one like ours and one like 789

theirs to see if neurons in M2 can dynamically shift their tuning based on task demands. 790

The directional asymmetries in neural encoding and behavior suggest that a radially 791

symmetric bump attractor model is insufficient as a computation model for the task 792

(Wimmer et al., 2014). Plausible models for movement direction planning might be 793

multiple discrete attractor models or ring attractor models that are asymmetric in 794

connectivity weights: they might have stronger connectivity from upper direction 795

preferring neurons to lower direction preferring neurons than the reverse, and have 796

stronger connectivity between neurons that prefer the same left/right side than those 797

preferring different left/right sides. 798

We found that allocentric and egocentric information is multiplexed as gain fields at 799

the level of individual neurons. Gain modulation is a nonlinear process in which neurons 800

combine information from two or more sources. Gain fields have been observed in a 801

plethora of primate cortical and subcortical brain regions (for review, see Salinas and 802

Sejnowski, 2001), including the frontal and parietal eye fields during saccade planning 803

(Andersen et al., 1985, Cassanello and Ferrera, 2010, 2007). While conjunctive coding of 804

allo- and ego-centric information has been found in rodent para- and post-subiculum and 805

the medial entorhinal cortices (Gofman et al., 2019, Peyrache et al., 2017), they were not 806

explicitly modeled as gain fields even though theoretical work suggests that they might 807

take that form (Bicanski and Burgess, 2020). Our observations of gain fields in the rat 808

FOF was largely similar to those in the primate literature. 809

Gain field modulation were suggested to support reference frame transformation 810

(Pouget and Sejnowski, 1997, Salinas and Abbott, 1995, Zipser and Andersen, 1988). 811

According to the theory of gain field modulation, a neural population downstream of a 812

population with gain field encoding could easily compute an arbitrary combination of the 813

two spatial variables (Alexander et al., 2023, Pouget and Sejnowski, 1997, Salinas and 814
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Abbott, 1995, Zipser and Andersen, 1988). However, our comparison of recurrent 815

networks showed that a recurrent network model whose input and output were both in the 816

egocentric reference frame had the most similar activity to the FOF neurons: including 817

representing allocentric activity and gain fields (Fig. 11D). These results further support 818

our conclusion that planning in the FOF takes place in an egocentric coordinate frame, 819

although the multiplexed spatial encoding may support spatial information integration in 820

downstream brain areas or online error correction which might be required for planning 821

complex movements sequences. 822

Our task was inspired by paradigms widely used in non-human primates to study the 823

neural mechanism of saccadic eye movements (Bruce and Goldberg, 1985) and rodent 824

head orienting is, like a saccade a shift in overt attention, in that it redirects the sensory 825

fields of vision, audition, olfaction and whiskers (Bush et al., 2016, McCluskey and Cullen, 826

2007, Monteon et al., 2010). Based on similarities in connectivity and function, the rodent 827

FOF is a proposed functional analogue to the primate FEF (Ebbesen et al., 2018, Erlich 828

et al., 2011, Reep et al., 1987, 1990), although a strict correspondence between rodent and 829

primate frontal regions may not exist (Barthas and Kwan, 2017, Wise, 2008). Our findings 830

of gain field modulation of movement direction by initial head position support the 831

analogy, as this is similar to the observation that eye-in-orbit position gain modulates the 832

planned saccade vector in FEF (Cassanello and Ferrera, 2010, 2007). One may argue that 833

for the FEF both the initial gaze direction (or eye-in-orbit position) and the saccade vector 834

are egocentric, and most of the reports about spatial encoding in the FEF was egocentric 835

(but see Bharmauria et al., 2020). However, body positions in primate experiments are 836

typically restricted by a primate chair. Recent work in freely moving monkeys found 837

widespread world-centered coding across frontal and prefrontal cortex (Maisson et al., 838

2022), including supplementary motor area and dorsolateral prefrontal cortex. Although 839

FEF was not one of the regions they recorded from, the finding suggests that allocentric 840

representations are common across the brain, when animals’ movements are not restricted. 841

Thus, we might speculate that FEF saccade planning activity in monkeys freely moving in 842

an environment could be modulated by the current position of subject in the environment. 843

32/48

JN
eurosci

 Acce
pted M

an
uscr

ipt



The observations of gain fields in the FOF, as well as the sequential encoding of 844

movement direction and target position, were largely consistent with observations in 845

primate motor planning more generally (Andersen et al., 1985, Bharmauria et al., 2020, 846

Caruso et al., 2018, Salinas and Sejnowski, 2001, Wang et al., 2007, Zipser and Andersen, 847

1988). However, despite decades of research, a full understanding of phenomena like gain 848

fields how they could causally contribute to reference frame shifts has been hampered by a 849

lack of tools for precise perturbations for circuit dissection in primates (as discussed in 850

Shenoy et al., 2013). In contrast, the neural circuits underlying basic phenomena of motor 851

planning (i.e. spatial memory and movement initiation in 2AFC tasks), have been revealed 852

in rodents models (Bharmauria et al., 2020, Duan et al., 2021, Guo et al., 2017, Inagaki 853

et al., 2019, Kopec et al., 2015, Li et al., 2016, Yang, 2022). Our behavioral paradigm and 854

neurophysiological observations provide a basis for employing the latest tools of rodent 855

systems neuroscience to understand complex and ethological motor planning. 856
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Figure 1. A visually-guided multi-directional orienting task in rats. A. Schematic of the task.
Each trial began with the onset of a pair of blue and yellow LED, cuing the rat to nose poke into
the start port. The start LED extinguished upon arrival in the start port. After a short delay, a
blue LED illuminated, indicating the target port. After a go sound, the rat withdrew from the start
port and poked into the target port. Water reward was delivered for correctly performed trials. B.
Timeline of a trial in a typical session. Bars above the timelines illustrate the time windows used in
subsequent analyses. “Pre-cue”, -300 to 0 ms from visual cue onset. “Post-cue”, 0 to 300 ms from
visual cue onset. “Go”, 0 to 300 ms from go sound. “Arrival”, -150 to 150 ms from target poke. C.
The color scheme of the 6 movement directions. D. The color scheme of the 7 port positions. E. The
30 movement trajectories consisted of 6 directions (shown in C.). Each direction was associated with
5 possible trajectories, and there were 4 possible target ports associated with each direction. Each
session only contained a subset of 16 to 24 trajectories among these trajectories, and these sessions
were pooled together for analyses (see Methods for the details). F. The fraction of correct trials
among all the completed trials. Dots and error bars denote mean ± s.e. across sessions. G. The
proportion of errors made into the same left/right direction as instructed, among trials starting from
the central port for each animal. Dots and error bars denote mean ± s.e. across sessions. H. The
proportion of errors whose movement directions were lower, upper or horizontal compared to the
instructed movement direction. For each subject, the three dots and error bars denote the mean ±
s.e. across sessions for the fraction of lower, upper, and horizontal errors. For subject 2095 and 2134,
there were significantly more downward errors than upward errors. I. The range of fixation periods
experienced by each rat, shown as a cumulative distribution. The color of the lines correspond to
the colors of the labels in F. J. Example traces of the horizontal head position in the video pixel
space during trials starting from the central port. The traces were aligned to the visual cue onset.
Each line is a trial, and the colors indicate the movement directions. K. There was no significant
correlation between the horizontal head position and the planned movement direction before the
go cue. The line indicates p-value of the movement direction modulation on the horizontal head
position across time aligned to the go sound. All the correctly performed trials were included and
the effect of start position was captured in the random effect. Line and error bars, mean ± s.d. of
the p-values over the 58 sessions.
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Figure 2. Schematics of the task and histology. A. Three trajectories that can distinguish between
tuning to the start position, movement direction, or the target position (left) and the predicted
neural activities for each scenario. Among the three trials, the orange and pink trials share the start
position, the blue and pink trials share the movement direction, and the blue and orange trials share
the target position. If a neuron is tuned to the start position, the firing rate in the pink and orange
trials will be the same, but not for the blue trial. The same logic follows for direction tuning and
target tuning cells. B. A coronal section from an example rat (2147) showing the placements of the
silicon probes. Dashed lines indicate the estimated area of M2 in this brain section. C. Estimated
positions of the tips of the silicon probes at the end of recording presented on coronal sections of
the rat brain atlas (Paxinos and Watson, 2004). Lesions were made at the end of all the recording
sessions with 200 uA current for 3s relative to the GND. Colored marks indicate the lesion marks
in B, and colors indicate subject ID.

Figure 3. Example neurons with egocentric and allocentric spatial representation. A-C An exam-
ple neuron more modulated by the egocentric movement directions than by the allocentric target
positions. A. Raster plots and PETHs aligned to the go sound and sorted by movement directions.
The top 6 panels show spike rasters grouped by the 6 movement directions. Circles in each raster
panel indicate the time of the visual cue onset on each trial. The bottom panel shows the PETHs of
the spikes. The shaded areas of the PETHs indicate the mean ± s.e.. The grey bar at the bottom
of the panel indicates the 500 ms time window used to estimate the cross-validated R2s and the
firing rate for each movement trajectory in C. B. Raster plots and PETHs of the same cell and
same alignment as in A, but sorted by target position. Circles in each raster panel indicate the
time of visual cue onset on each trial. C. CV R2. The cross-validated R2s of three GLMs whose
independent variables were the start position, movement direction or target position (See Methods
for definition). Heat map. The maximum a posteriori estimated firing rate for each movement
trajectory, where the prior was a Poisson distribution whose mean was estimated from all trials.
Gray squares indicate trajectories (direction-target pairs) that were not included in that session.
D-F and G-I, two more example cells as in A-C where direction explained the most variance than
start or target positions. Note that in G,H the activity is aligned to arrival. J-L, M-N and P-R,
example neurons whose arrival-aligned activity was more modulated by the target position than
direction. Circles in each raster panel indicated the time of the go sound.

Figure 4. Temporal profile of the fraction of FOF neurons best selective to the start position,
direction and target position. A. The fraction of neurons best selective to the start position (red),
the direction (green) or the target position (blue) in 4 time windows. Shaded areas indicate the
95% binomial confidence intervals. “Pre-cue”, -300 to 0 ms to visual cue onset. “Post-cue”, 0 to
300 ms to visual cue onset. “Go”, 0 to 300 ms to go sound. “Arrival”, -150 to 150 ms to target
poke as in 1B. B. The R2 of GLMs among same neurons as in A in 300 ms causal sliding windows
with 50 ms steps, aligned to the cue onset, go sound or target arrival. At each time point, the color
represents the variable with the largest R2 and the saturation represents the R2 value. Neurons
were sorted by the total mass of the R2s of start position, direction and target position for the 3
alignments respectively. C. Fraction of synthetic neurons most selective to each generative spatial
variable. Each column represents 541 synthetic neurons that were designed to be selective to start
position (S), direction (D), or target position (T), or non-selective (N). The vast majority of errors
were false negatives (where a neuron was incorrectly labeled non-selective). D. The R2s of GLMs in
synthetic neurons with specific spatial selectivity. Each column was a group of 541 synthetic neurons
selective to start, direction or target respectively. The color indicated the R2 of the model with the
maximum R2, with the same scale as in B.
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Figure 5. The sequential encoding of start position, direction and target position was consistent
across single neuron selection criteria and across subjects. A. The fraction of units with significant
spatial selectivity at different cutoff criteria for the in-trial firing rate. The cut off of the signal-to-
noise ratio (SNR) of the waveform was fixed at 5. A unit is characterized as having significant spatial
selectivity if any one of the three GLMs had p < 0.01 (permutation test) for any one of the four time
windows (“pre-cue”, “post-cue”, “go” or “arrival”). B. The fraction of units with significant spatial
selectivity at different cutoff criteria for the SNR of the waveform. The cut-off criteria for in-trial
firing rate was fixed at 1 Hz. C. The number of units with significant spatial selectivity at different
in-trial firing rate cutoff. D. The number of units with significant spatial selectivity at different
SNR cutoff. E. Similar to Fig. 4A, but the cut-off criteria is SNR > 6 and in-trial firing rate > 2
Hz instead of SNR > 5 and firing rate > 1 Hz. F. Similar to Fig. 4A, but for each subject.

Figure 6. Temporal profile of start position, direction and target position decoding from the FOF
pseudo-population. A. Number of principle components included versus the accuracy of pseudopop-
ulation decoding for the start position, using spike count data in the pre-cue time window. Thin
line and shaded areas indicated the mean and the 5% and 95% intervals in 100 pseudo-populations
with neurons resampled with replacement. Error is defined as the Euclidean distance between the
predicted and the actual coordinates. B. Decoded coordinates of start position, movement vector
and target position in an example pseudopopulation. Each small circle indicates the predicted co-
ordinates in a pseudo-trial, and the color indicates the pseudo trial class. Each large circle indicates
the coordinates and the radius of a port (11 mm). C. Decoding errors for each pseudopopulation
across time aligned to the go sound. Each row is a different pseudopopulation, and the color in-
dicates decoding error following the color bar in E. Red solid lines indicate the mean errors across
the 100 pseudopopulations. Red dashed lines indicate the radius of the ports. D. Mean ± s.d. of
the difference of decoding errors between two spatial variables across the 100 pseudopopulations.
Positive difference indicates the better decoding of the second variable, and vice versa. E. Decoding
errors with cross-window decoding. Colors of the heat maps indicate the mean Euclidean distance
between the decoded and true spatial coordinates, averaged across 100 pseudopopulations. The
decoders were trained at one time window and tested at another. In the last panel the multivariate
linear model was trained for start position and decoded for target position. Contours, p < 0.01
(extreme pixel-based test). Pseudo-populations were constructed from neurons with at least 8 trials
for each of the 6 directions, 7 start positions and 7 target positions (n = 1197).
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Figure 7. FOF neurons were tuned to specific positions. A. Raster plots and PETHs of an example
neuron aligned to the cue, grouped by start position. The shaded grey area indicates the time window
to calculate the x-axis firing rate in C. The neuron was the same one as in Fig. 3P,Q,R. B. The
same neuron aligned to target arrival, grouped by target position. C. The correlation between start
position tuning and target position tuning in the example neuron. Red line denotes the total least
square fit. r denotes the Pearson correlation between start and target tuning, which was termed
start-target tuning correlation. D. The distribution of the start-target tuning correlation among
start and (or) target selective neurons. Black bars are for neurons selective to both start position
and target position, and white bars are for neurons selective to only one of the two variables (Mean,
[95% CI]: 0.66, [0.61, 0.70] for both selective and 0.29, [0.25, 0.34] for only 1 selective). Triangles
indicate the means of the two groups. E. The start-target tuning correlation in warped time windows
aligned to the visual cue, the go sound and the arrival, averaged across neurons with both start and
target selectivity (n = 174). The white contours indicate the areas where correlation is significantly
larger than 0 (p < 0.05 after Bonferroni correction). Different from C and D, these correlations
were calculated between start tuning in half of the trials and target tuning in the other half of
trials and vice versa, and then averaged. F. Similar to E, but for the mean Pearson correlation
between pairs of time windows for start position tuning in one half of trials versus the start tuning
in the other half. G. Similar to F, but for target position tuning. H. Time of transition from start
position coding to target position coding in the 174 neurons. The color of the heat map indicates
the difference between R2s of the start position GLM and the target position GLM, calculated at
causal sliding 300 ms time windows of 50 ms step size aligned to the go sound. The red dots indicate
the time of switching from R2

start higher to R2
target higher. The white crosses indicate the averaged

time of target poke for that session. I. The number of neurons preferring each start position in the
“pre-cue” time window, among cells that had significant start position selectivity in the “pre-cue”
window (p < 0.01, permutation test for the start position GLM). J. The number of cells preferring
each target position in the “arrival” time window, among cells that have significant target position
selectivity in that window (p < 0.01, permutation test for the target position GLM).

Figure 8. Direction preference of FOF neurons. A. The distribution of preferred direction in the
“go” time window (0 to 300 ms after the go sound) among 274 cells that had significant direction
selectivity in either the “post-cue” or “go” time windows (p < 0.01, permutation test for the GLM).
Note, that the color scheme here represents ipsilateral vs. contralateral to the recording side in the
horizontal direction (as opposed to right vs. left in other figures). B. The preferred direction of
neurons in A in causal sliding windows aligned to the go sound (50 ms step size, 300 ms bin size).
The color indicates the preferred angle (as in A.) and the saturation indicates the relative amplitude
of the R2 of the direction GLM. The neurons were sorted by the preferred direction in the “go”
time window. The color map on the right demonstrates the full saturation color for that preferred
direction in the “go” time window. R2 = 0.69 was the largest R2 for the direction GLM, and was
used to define the full saturation color. C. Pearson correlation of direction tuning curves at one
time versus another, among the 274 neurons in A and B. Colors indicate the mean correlation across
these neurons. White contour indicates the area with where correlation was significantly larger than
zero with Bonferroni correction (p < 0.05).

45/48

JN
eurosci

 Acce
pted M

an
uscr

ipt



Figure 9. The spatial selectivity of FOF neurons were best explained by the gain field model.
A. Raster plots and PETHs of an example neuron. Trials were grouped by the start position (left
panel), the direction (middle panel) and the target position (right panel). The gray bar at the bottom
indicates the 500 ms time window after the visual cue onset, the time window used for firing rate
estimation and model fitting in B-E. B. Estimated mean firing rate in each movement trajectory
using a maximum a posterior estimator, same as in Fig. 3. C. Predicted firing rates of four fit
models (lines) and the mean and s.e. (circles and error bars) of firing rates in each trial condition.
CV R2, cross-validated R2 (see Methods for definition). D. Left axis, fraction of neurons best fit
by a specific model, among neurons whose mean cross-validated R2s over the 4 models was larger
than the x-axis indicated value. Best fit was defined as having the largest cross-validated R2 among
the 4 models. Error bars were 95% confidence intervals of the binomial distribution. Right axis,
neurons that crossed the mean CV R2 criteria for each x-axis value. E. Each panel plots the cross-
validated R2s of the x-axis model versus the y-axis model. Each circle indicates a neuron. The red
line indicates the total least square fit to the data. The dashed black line marks the diagonal. Only
neurons whose mean of cross-validated R2s in the 4 models were larger than 0.05 were included (n =
199). The mean R2 in the gain field model was larger than the x-axis models in all of these panels.
***, p < 0.001 (gain field vs. additive, p = 8 · 10−5; gain field vs. direction, p = 2 · 10−5; gain field
vs. start, p = 2 · 10−5. Permutation test against the null hypothesis that the Fisher-z transformed
cross-validated R2s in the x-axis model and the y-axis model was not significantly different from
zero, with 105 shuffles). F. The cross-validated R2s of the additive model versus the gain field model
in synthetic neurons, designed to have additive or gain field selectivity, respectively. Only synthetic
neurons whose cross-validated R2s in the 4 models were larger than 0.05 were included. Both panels
had p = 2 · 10−5 (Permutation test same as in E).

Figure 10. Design of RNN simulations with four types of input-output contingencies. A. The
schematics of the models. The input to the RNN was a figure that was down-sampled and flattened.
The elements in the figure was intensity-coded and pseudo-colored for demonstration purpose. The
output was a two-element vector of the x and y coordinates. B. The timeline of a trial and the input-
output contingency for an example world frame. The trial was consist of 11 time frames, where the
target port was transiently visible on the 4th frame. In ego-input models, the start position was
always at the center of the visual frame, whereas in allo-input models, the world frame was always
at the center of the visual frame. On time frame 11, allo-output models were required to output
the target position and ego-output models were required to output the movement vector. The time
frame 3, 7 and 11 were designated as the pre-cue, post-cue and go windows to compare with data
from FOF neurons.

Figure 11. FOF population activity was most similar to a recurrent network with self-centered
input and self-centered output. A. Left, same as Fig. 4A. Right, the cross-validated R2s from
a linear model that decodes the start position, movement vector or target position from hidden
unit activities. Shaded area denoted the standard error of the mean over 20 training and testing
epochs. The ego-ego network had the most similar temporal pattern of decoding accuracy as the FOF
neurons. B. The representational similarity between the FOF neural population activity and the
population activity in recurrent neural networks, computed with the the first 4 principle components
of pseudo-population activity in the FOF neural data and the network hidden unit data. Colors
denote the representation similarity averaged across 20 RNN training epochs. C. The representation
similarity between the FOF neural population activity and the network hidden unit activity at the
diagonal of B. Circles and error bars were mean and s.d. from 20 training and testing epochs.
Representation similarity of the ego-ego models were significantly higher than other models in post-
cue and go windows (Table 3). D. Example units in the four networks that had gain-field-like
selectivity to start position and direction. Each dot is a trial and each line is the average over trials
with the same start position which is indicated by color.
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Figure Panel(s) N Criteria
Fig. 4 A 1224 Single neurons in 4 animals that had at least 8 trials

for each condition. 771 neurons from reference ses-
sions, 426 from distance sessions, 27 from rat 2147.

Fig. 6 A-E 1197 Single neurons that had at all 6 directions, and at
least 8 trials in each group of trial conditions. 771
neurons from reference sessions, 426 from distance
sessions. 3 rats.

Fig. 7 D (black
bars)-H

174 Single neurons that have significant selectivity to
start port during the “precue” time window and
target port during the ”arrival” time window(GLM,
both p < 0.05), among the 1224 neurons in Fig. 4A.

Fig. 7 D (white
bars)

289 Single neurons that have significant selectivity to ei-
ther the start port during the “precue” time window
or the target port during the ”arrival” time window
(GLM, only one p < 0.01), among the 1224 neurons
in Fig. 4A.

Fig. 7 I 202 Single neurons that have significant selectivity to
start port during the “pre-cue” time window(GLM,
p < 0.01), among the 1224 neurons in Fig. 4A.

Fig. 7 J 209 Single neurons that have significant selectivity to
target port during the ”arrival” time window(GLM,
p < 0.01), among the 1224 neurons in Fig. 4S.

Fig. 8 A-C 274 Single neurons that have significant selectivity to di-
rection during the“post-cue” or ”go” time window
(GLM, p < 0.01), among the 1224 neurons in Fig.
4A.

Fig. 9 E 199 Single neurons that have the average of CV R2s larger
than 0.05. Effectively from 4 rats.

Table 1. Criteria for the inclusion of neurons in each analysis. Single neurons: SNR>5,
in-trial firing rate > 1 Hz, fraction of inter-spike interval less than 2 ms < 1%. All the cells are from
sessions where the target cue illuminated during the fixation period.

M1 M2 p value atanh(Model1)− atanh(Model2) Mean, [95% CI]
Gain field Additive 8 · 10−5 0.0129, [0.0073,0.0228]
Gain field Direction 2 · 10−5 0.0617, [0.0544,0.0776]
Gain field Start 2 · 10−5 0.0753, [0.0649,0.0959]
Additive Direction 2 · 10−5 0.0488, [0.0430,0.0588]
Additive Start 2 · 10−5 0.0624, [0.0530,0.0777]
Direction Start 2 · 10−2 0.0136, [0.0024,0.0259]

Table 2. Difference of the Fisher-transformed CV R2s between model pairs for neurons
whose mean CV R2 > 0.05 for all four models. Permutation test for the null hypothesis that
atanh(Model1)− atanh(Model2) = 0 with 105 permutations.
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pre-cue post-cue go
ego-ego vs. ego-allo t(38.00) = 1.05 t(37.34) = 2.02 t(32.95) = 4.69

p = 0.150 p = 0.025 p = 2.29 · 10−5

ego-ego vs. allo-ego t(37.90) = 1.02 t(35.03) = 7.96 t(36.79) = 2.11
p = 0.156 p = 1.14 · 10−9 p = 0.021

ego-ego vs. allo-allo t(38.00) = 2.86 t(29.77) = 9.19 t(26.86) = 18.41
p = 0.003 p = 1.68 · 10−10 p = 4.65 · 10−17

Table 3. Comparing the representational similarity for the ego-ego model versus the
other three models. Welch’s t-test for the alternative hypothesis that the mean of the representa-
tional similarity between the ego-ego model and real neurons were higher than that between another
model and real neurons.
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