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Abstract

The hippocampus contains cognitive maps of the environment that consist of multiple functional types
of spatial cells, such as place cells, grid cells, and head direction cells. Although it is generally thought
that the formation of cognitive maps involves path integration processes, recent work challenges this
view. In particular, it was reported that model units in deep neural networks trained on vision tasks are
selective to locations and other spatial variables, despite the fact that these networks receive only visual
inputs. While these studies and most previous studies emphasize the selectivity of individual neurons’
responses to a given spatial variable, invariance to other spatial variables has not been systematically
studied. We propose a computational framework for understanding neurons’ joint tuning properties,
which capture both selectivity and invariance. Applying this framework to analyze and compare spatial
representations in recently proposed vision-based deep neural networks and the rodent brain, we find
substantial differences in these representations. In particular, in the rodent brain, place cells are selective
to location and invariant to head direction, whereas head direction cells are selective to head direction
and invariant to location. In contrast, in deep networks, model units that are selective to location are
not invariant to head direction, leading to intermingled representations of location and head direction.
We further apply our approach to study the joint tuning of head direction and movement direction in
rodent head direction cells, and find that information about movement direction is almost absent in these
neurons. Collectively, our results demonstrate the importance of studying joint tuning properties for
understanding the structure of neural codes.



1 Introduction

One basic approach to studying the neural code is to examine the tuning properties of individual neu-
rons [1, 2, 3, 4, 5, 6, 7]. Neuroscientists have characterized the tuning properties of neurons to various
behavioral variables in many brain regions (e.g., [3, 4, 5, 6, 8]). In particular, in the hippocampus and
related brain areas (such as the entorhinal cortex and parahippocampus), neurons selective to different
spatial variables (e.g., location, head direction, speed) have been discovered [2, 9, 3, 6, 10, 8]. Prior
research has focused mainly on examining selectivity for one stimulus variable at a time (e.g., visual ori-
entation, location, or head direction). If a neuron is selective to multiple stimulus dimensions individually,
it is considered to exhibit conjunctive tuning [11] or mixed selectivity [12, 13, 14].

A large body of work has investigated how the brain constructs spatial maps of the environment. It is
generally believed that the brain integrates spatial inputs such as velocity input and head rotation to
generate such maps [15] — typically known as the path integration hypothesis [16] — while other types
of sensory input, such as visual landmarks and boundaries, may be primarily important for recalibrating
the maps [17, 18]. Hand-crafted continuous attractor network models based on this idea have been
developed to model place cells, head direction cells, and grid cells [19, 18, 20]. More recently, it was
shown that optimizing recurrent neural networks to perform path integration (or angular path integration)
based on spatial inputs can model grid cells [21, 22, 23, 24] and head direction cells [25]. However,
recent studies have challenged this view. By studying deep neural network models trained to solve
purely visual tasks, it was reported that many model units in the networks exhibited spatial selectivity
similar to that observed in the rodent hippocampus [26, 27]. Unlike previous models based on path
integration, these models received only visual inputs. Importantly, when comparing the tuning properties
of individual neurons in the brain and corresponding units in the model, these studies only examined
the marginal tuning for individual stimulus variables, one at a time. However, this approach generally
assumes that the joint tuning can be factorized into the product of the marginal tuning curves, and may
fail to provide an unbiased characterization of the joint tuning properties to multiple stimulus variables.

To address this problem, we propose to directly analyze the joint tuning properties of individual neurons
to multiple stimulus variables simultaneously. We will show that studying the tuning curve for one variable
at a time is insufficient to reveal the joint tuning properties. We develop an analysis framework to analyze
the selectivity and invariance of neural responses when multiple stimulus variables are considered. Ap-
plications of this framework to study rodent spatial navigation circuits and recently proposed deep neural
network models of these circuits reveal a number of insights. First, rodent place cells are selective to
the animal’s location while being invariant to head direction. Conversely, head direction cells are selec-
tive to head direction while being invariant to the animal’s location. Second, model units in deep neural
network models trained to perform vision tasks [27, 28] exhibit complex and entangled tuning properties
for location and head direction, and thus are markedly distinct from place cells and head direction cells
in rodents. Third, rodent head direction cells are largely invariant to movement direction, an observa-
tion that has important implications for models of spatial navigation circuits. While we focus on spatial
navigation here, the proposed approach of analyzing joint tuning is general and can be applied to other



neural systems as well.
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Figure 1: The joint tuning curve may not be captured by the generalized linear model (GLM). (a) The ground truth joint
tuning curve for a hypothetical neuron. This neuron exhibits entangled joint tuning to variables x and y. The marginal tuning for x
and y are both flat. (b,c) If a GLM framework is applied to analyze simulated responses sampled from this neuron, the extracted
marginal tuning using GLM would both be non-flat, thus misleading. (d-f) Similar to (a-c), but for a different hypothetical model
neuron.

2 Results

2.1 Marginal tuning curves are insufficient to capture joint tuning properties

When only one stimulus variable (denoted as X, such as the head direction of the animal) is considered,
the tuning property of a neuron can be described by its tuning curve f(x). The tuning curve quantifies
the firing rate of a neuron for a given stimulus variable. If another stimulus variable y is also of interest
(e.g., the movement direction of the animal), the tuning curve g(y) can also be computed separately for
y. Suppose that our goal is to understand whether this neuron is selective to both x and y; the standard
approach would be to examine tuning curves f(x) and g(y) to see if one or both exhibit strong selectivity.
Suppose that f(x) is a narrow Gaussian function and g(y) is completely flat; then it is tempting to claim
that this neuron is selective to variable x and is not selective to (or is invariant to) y. However, this
interpretation is generally not warranted.

We need to change this section because we ended up using a different example. Fig. 2 illustrates two
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such counter-examples. The joint tuning curve h(x;y) for the first example is plotted in Fig. 2. Examining
the marginal tuning curves, we see that f(x) is tuned while f(y) is flat. Although the marginal tuning
curve for y indicates a lack of tuning, from the joint tuning curve, the response of this neuron is clearly
not invariant to y. What happens is that y accounts for the variability of the neural response through its
interaction with the encoding of x. For the second example (see Fig. 2b), the marginal tuning curves f(x)
and g(y) are both flat. However, it would clearly be unreasonable to claim that this neuron is invariant
to x and y because its response clearly contains information about (x;y). That is, when knowing the
firing rate of the neuron, one can substantially narrow down the possible values of x and y. However,
the tuning of the two stimulus variables is highly entangled and cannot be revealed by marginal tuning
curves based on individual stimulus variables.

When joint tuning can be factorized into the product of marginal tuning curves, i.e., h(x;y) = f(xX)g(y),
marginal tuning curves are sufficient to interpret joint tuning. The popular GLM framework used in neural
data analysis makes this assumption [29]. Because in most applications of GLM an exponential link
function is assumed, linearly adding responses in the log of firing rates is equivalent to multiplying the
tuning curves. However, in general, this assumption needs to be tested experimentally. For the exam-
ples discussed above, applying GLM to the simulated data would lead to misleading results regarding
selectivity to the stimulus variables (see Fig. 1XX).

The interpretation of marginal tuning curves may be further complicated by correlated sampling of stimuli.
Consider the case of studying neural tuning to two correlated stimulus variables. Correlated stimulus
variables are fairly common. In the study of spatial navigation systems, one example is the animal’s
head direction and movement direction during navigation. Another example is time and distance traveled
when the animal is running on a linear track. Suppose that a neuron is selective to one variable x while
invariant to the other variable y (see Fig. 2 for an example). Due to the correlation in the sampling of
stimuli, the marginal tuning for y still suggests substantial selectivity (see Methods for more theoretical
results). In this case, if we only rely on marginal tuning curves to interpret the tuning properties, we
would incorrectly conclude that the neuron is tuned to y, although its response is completely invariant to

Y.

2.2 A method for analyzing the invariance and selectivity of neurons

Our results above show that, when analyzing the selectivity and invariance of neural response properties,
it is crucial to examine joint tuning properties beyond marginal tuning curves. Relying on marginal tuning
curves alone may lead to misinterpretation of the tuning properties. How should we study the joint tuning
properties of an individual neuron? Practically, one simple procedure to determine whether the neural
response is invariant to a stimulus variable x is to vary x and examine the tuning for the remaining
variables. If only two variables are considered, this amounts to examining the tuning curve of g(y)
conditioned on different values of x. If the tuning curve for y is invariant when changing x, one may
conclude that the response of this neuron is invariant to x. Otherwise, the response of this neuron
depends on variable x. In other words, variable x contributes to the response variability of this neuron.
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Figure 2: The joint tuning curve of a neuron cannot be adequately described by marginal tuning. (a) The joint tuning
curves of a hypothetical neuron for variables x and y. This neuron is selective to x but is invariant to y. (b,c) When samples of
x and y are uncorrelated, empirically computed marginal tuning for y accurately recovers the ground truth tuning. (d,e) When
samples of x and y are correlated, empirically computed marginal tuning for y shows selectivity. (f,g) Similar to (d,e), but for a
case where x and y are even more correlated.

To quantify joint tuning and understand the contribution of individual variables as well as their nonlinear
interactions, we develop a simple analysis approach based on the intuition described above. To quantify
the contribution of variable x, we calculate the variability of the joint tuning that is not explained by all
other variables. In the case of two variables, this amounts to the residual variability that is not explained
by y. Similarly, one can calculate the contribution of y via the variability that is not explained by x. Unlike
analysis of variance (i.e., ANOVA) for linear additive models, summing up the contributions of y and x
may not equal the total variance of the data.

Practically, one complication in estimating the contribution of individual variables is measurement noise.
Consider the case mentioned above, in which the neural response is selective to x while completely
invariant to variable y. Due to measurement noise (which could come from many sources), there will be
residual variability in the estimated joint tuning maps that cannot be explained by x. If one simply uses the
residual variance to estimate the contribution of variable y, the true contribution will be overestimated.
To address this problem, we developed a procedure to estimate the variability induced by noise by
quantifying the variability across joint tuning maps estimated from two equal splits of the data. Our final



Figure 3: The explained variance of a neuron can be accurately quanti ed with the new method. (a) A schematic of

the estimation procedure. Our method rst splits the responses into two halves. Two joint tuning maps are estimated. The
response variability of one variable conditioned on the other is calculated, and then the variability across the two tuning maps
is subtracted to estimate the variance explained by the target variable. For mathematical details, see Methods. (b,c) Simulation
results showing that the method can accurately recover the fraction of variance explained by the two variables. In this case, the
ground truth is that one variable fully explains the variance and the other variable explains zero variance. (d-g) Similar to (b-c),
but for two other scenarios.

estimate for the contribution of individual stimulus variables removes such noise-induced variability.

A schematic of our proposed analysis procedure is shown in Fig. 3a. Our mathematical analysis shows
that the proposed estimator (details in the Methods Section) is unbiased under the assumption that mea-



surement noise is independent across the two splits. We performed systematic simulations to validate
and benchmark our estimator. We nd that the estimation procedure can accurately recover the relative
contribution of each variable (for an example, see Fig. 3d,e).

2.3 Distinct selectivity and invariance of place cells and head direction cells in the ro-
dent brain

We investigated the tuning properties of neurons recorded in the rodent spatial navigation system. We
analyzed two datasets. The rst is a hippocampal place cell dataset recorded while rats navigated in
2-D open environments [30]. The second contains head direction cells from multiple brain regions [31].
In addition to their selectivity, we are interested in the invariance of these distinct functional cell types.
For example, we examined whether place cells are invariant to head direction. We used our analysis
framework developed for understanding joint tuning together with population decoding techniques.

Place cells in the rat hippocampus are invariant to head direction. For the place cell dataset col-
lected in [30], we rst calculated the 2-D spatial ring rate maps for individual neurons. Consistent
with previous reports on place elds, many neurons were selective to spatial location in the 2-D open
environment with clear place elds visible upon inspection. Computing the marginal tuning curve for
head direction, we nd that most place cells do not exhibit strong head direction tuning, consistent with
previous reports. However, it remains unclear whether these neurons exhibit strong invariance to head
direction. Recall that our theoretical results above suggest that even when the tuning curve for a stimulus
is at, neural responses may still depend on the stimulus (Fig. 2). Might need to be changed here as
well since g 1 has changed. To further investigate this question, we computed the joint 3-D tuning map
for 2-D location and HD (see Fig. 5a for one example). Indeed, visual inspection suggests that neural
responses are invariant to HD. However, due to limited data, some combinations of HD and location have
few or no data points.

To address this question, we performed two additional visualizations. First, we plotted the joint tuning for
HD and the x-axis of the 2-D environment. This analysis projects the 3D data onto the 2-D subspace
de ned by HD and the x-axis of location. If the neuronal response is invariant to HD, the heatmap should
be dominated by vertical bars/stripes. This is indeed true for most neurons that were classi ed as place
cells according to the standard procedures used to analyze place cells. Figs. 4a,b show a couple of
example place cells from this dataset. The vertical bar pattern is apparent when we examine the joint
tuning of HD and the x-axis in the 2-D environment. Similar results hold when examining the joint tuning
for HD and the y-axis of the 2-D environment.

We quanti ed the contribution of HD and 2-D location using the procedure we developed (see Fig. 3). In
particular, we are interested in understanding whether it is indeed true that place cells exhibit invariant
responses to the animal's head direction. Fig. XX shows that neural response variability is mostly
explained by the location of the animal. Although head direction (HD) also accounts for a small fraction
of the variance, its contribution is much smaller. In general, we found that the ratio of the contribution of



Figure 4: Place cells in the rat hippocampus are selective to location and largely invariant to head direction. (a) An
example place cell. The three panels show its joint tuning for x and head direction, y and head direction, and 2-D location
tuning, respectively. For x and head direction joint tuning, a vertical band pattern is apparent, indicating invariance to head
direction. (b) Similar to (a), but for a different place cell. (c) Quanti cation of the variance explained by location and head
direction. (d) Decoding results for location suggest that location can be accurately decoded. (e) Decoding results for head
direction suggest that head direction cannot be accurately decoded from the place cell population. (f) The number of neurons
used in the decoding analysis.

location to HD is XXX.

To further corroborate these results, we performed additional decoding analysis based on simultaneously
recorded place cell populations. We found that the decoding error for location in the 2-D environment
is relatively small (MAE = 20.68 cm, about 10% of the environment). In contrast, the decoding error for
head direction is high. Fig. 4d,e shows the decoding results of four experimental sessions. These results
are consistent with the low HD contribution based on partitioning the contribution of neural response
variability in Fig. 4c.

Rodent head direction cells are invariant to the animal's location. Next, we analyzed head direc-
tion cell data recorded from rats [32]. This dataset contains simultaneously recorded neurons in the
postsubiculum. We rst examined the tuning properties of individual neurons by plotting the 3-D joint



tuning for head direction and location in the 2-D environment. Visual inspection suggests that these
head direction cells are largely invariant to the animal's location.

Using our method to partition the variability, we nd that head direction explains most of the variability,
with location accounting for only a minor portion (Fig. 5). These results suggest that head direction cells
are largely invariant to location. Decoding head direction and location from simultaneously recorded
populations (n=30 sessions) reveals a large decoding error for location (MAE = 40.43 cm; size of the
environment is 80 cm) and a small decoding error for HD (MAE = 16:95).

Together, these results suggest that there is a double dissociation of the response properties of place
cells and head direction cells in rodents. The response of a place cell strongly depends on the animal's
location and is invariant to the animal's head direction. In contrast, head direction cells are strongly
tuned to head direction and are only minimally modulated by the animal's location. These ndings have
implications for the computations that lead to these response properties. They suggest that it is unlikely
that location selectivity in place cells originates from certain visual features in the environment, in which
case place cells would be expected to depend on head direction as well.

Figure 5: Head direction cells in the rat are selective to head direction and largely invariant to location. (a,c,e) Example
HD tuning curves of three example neurons. (b,d,f) The corresponding joint location and HD tuning maps for these three
neurons. (g) Quanti cation of the response variance explained by HD and location.



2.4 Model units in deep network models based on vision exhibit entangled patterns of
spatial tuning

While many previous studies suggest that path integration is important for the formation of cognitive
maps in the brain [33, 20, 21], recent studies reported place cell-like responses in deep neural networks
trained or pretrained to perform vision tasks [27, 26]. In [26], it was reported that a virtual navigation agent
trained to predict the next image frame leads to the formation of cognitive maps. In particular, neurons
in intermediate layers exhibit spatial selectivity similar to place cells. Meanwhile, Luo et al. analyzed
the responses of individual units in ResNet (pretrained on image classi cation tasks, or untrained) in a
spatial environment [27], and reported that a large fraction of model units throughout the network layers
exhibit spatial selectivity (to location or head direction). Importantly, these studies [27, 26] only examined
marginal tuning for these spatial variables such as location or head direction without examining joint
tuning properties. Thus, it remains unclear whether the joint tuning for place and HD would be similar
to that of hippocampal place cells. We sought to address this question by examining the joint tuning of
units in the types of deep network models studied in [27, 26].

Model units in networks trained on predictive coding exhibit entangled spatial tuning. Inspired
by work on predictive coding [34, 35], Gornet et al. [26] trained a virtual navigation agent to predict the
next image frame in image sequences (Fig. 6a). They then analyzed the response properties of model
neurons in the intermediate layers and found that these neurons show place-cell-like responses.

We re-implemented the training settings used in [26] using a Minecraft environment similar to what they
developed. After training the simulated agent to solve the next-frame image prediction task, we analyzed
the response properties of model units in different layers of the model (see Sl Fig. XX for the performance
of the agent in this prediction task). Because the head direction of the simulated agent was allowed to
vary, we could obtain model responses corresponding to different head direction angles when the agent
was at the same location in the environment. Examining the response properties of the models using
established metrics in the place eld literature [36], we found that a fraction of them can be classi ed
as place cells (see Fig. 6b). These results suggest that there are putative “place cells” in the network,
which is consistent with the original reports in [26]. We next examined the joint tuning of place and head
direction. Strikingly, model units generally exhibit complex and highly entangled tuning for location and
head direction (see Fig. 6¢ for example model units). When conditioned on different ranges of head
direction, the location tuning function clearly changes.

Quanti cation of variance explained by location and head direction in individual units suggests that the
responses of most model units were roughly equally explained by head direction and location. We
selectively analyzed the model units identi ed as putative place cells and found similar results. This
entangled tuning property is clearly different from place cells in rodents (and is also different from head
direction cells). This result is highly consistent across different layers of the network.

CNNs also exhibit an entangled pattern of spatial tuning. We next investigated another recent model
based on networks trained to perform image classi cation tasks. Over the past decade, convolutional
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Figure 6: Model neurons in deep networks trained to predict the next image frame also exhibit highly entangled tuning
properties for location and head direction. (a) A schematic of the modeling framework used in [26]. Adapted from [37]. (b)
Pie charts showing the fraction of model neurons classi ed as place cells and other cell types in three different layers of the
model. (c) One example model neuron that was classi ed as a place cell. While the 2-D spatial map exhibits a place eld, the
3-D joint tuning (location and HD) clearly indicates that the response is not invariant to HD. (d) Quanti cation of the variance
explained by location and HD by individual neurons in the network model.

neural network models (CNNs) have become a popular modeling framework for understanding how the
brain processes visual information [38, 39, 40]. Luo et al. [27] used this framework to study the navigation
system in the brain. Speci cally, they modeled the visual inputs of a virtual agent navigating in a 2-D
open area similar to the typical environment for experiments done in rodents. Importantly, the CNNs are
pretrained on visual tasks and receive only visual inputs with no input about the agent's velocity. Naively,
one would expect that model units based on pure visual inputs should not lead to spatial selectivity.
Surprisingly, they reported that many neurons in the network throughout the layers exhibit place cell-like
responses, as well as head direction tuning.
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