Do grid codes afford generalization and flexible decision-making?

Scientific question Grid-like codes in the human entorhinal cortex (EC) have been proposed to take part in learning and
representing structural knowledge, which enables efficient planning and model-based decision-making. However, it has not
yet been established whether these grid-like codes serve to transfer learning and to generalize previous experiences for
inferences in novel situations. Do grid codes provide consistent context-invariant representations of structural relationships
or do they flexibly switch their reference frame according to the current task demand to plan/discover optimal decision
policy? Here we aim to reveal the constraints, conditions, and potential transformations of grid codes in the human brain
that would afford flexible generalization.

Background The place cells in the hippocampus (HC) and grid cells in EC provide important neuronal codes for spatial
navigation. The firing of grid cells tessellates space in regular hexagonal receptive fields (1, 2). The grid cells may allow an
agent to infer the structure (e.g. statistical relationships between positions, states, or entities) in an environment and decide
whether to reuse or create a new cognitive map of the structure in a novel context. In two different but structurally similar
environments, grid cells realign/reorient their codes in concert, which may allow the agent to generalize spatial codes
between environments during navigation (3). Recent studies have suggested that such codes may reflect a general
mechanism for organizing relationships between concepts or entities in abstract knowledge dimensions (4-7) and afford
generalization of previous experiences in a novel situation (8—10). Recent computational models have proposed the idea of
factorized representations in which the brain abstracts the latent task structure generalized across multiple contexts divorced
from features specific to a single context (11-14). However, no experimental work has shown whether and how the grid
codes represent the factorized low dimensional structural relationship and use this representation for generalizing previous
experiences in a new context. In addition to EC, grid cells have also been found using pre-surgical electrocorticogram
recordings in the medial prefrontal cortex (mPFC) and posterior cingulate cortex (PCC) in humans (15). Grid codes in these
different areas may also serve different purposes: mPFC has greater connectivity to brain areas encoding task structure
(16-21), while PCC is more connected with areas encoding action plans (22—-25). However, little is known about whether
the grid codes in these areas share the same coordinate system when the same relational codes guide different aspects of
action selection or decision-making.

Challenge or controversy While theoretical models have proposed various mechanisms through which a grid code can
arise in the brain (26-30), it remains elusive whether and how the grid codes support planning actions in a novel
environment. Previous work on the subject has not resolved this issue because the agent learns the relational codes
between entities and applies the knowledge to make decisions in the same environment, and thus does not need to develop
a new decision policy. Instead, they could reuse the same decision policy not only for learning the environment but also for
making novel inferences. Furthermore, though one team in our collaboration has identified the grid code in an abstract
knowledge space of social hierarchy that was acquired by participants (6), evidence from the other team suggests that such
a code may be absent in a conceptual space consisting of decisions between one fixed option and a varying second option
(31). Though the two teams agree that grid codes might play a critical role in generalization in novel situations, we disagree
on how they do so. On the one hand, they could do so through representation and abstraction of structural relationships
over previous experiences (ultimately dependent on the previous learning policy) such that the same grid-codes are
employed to transfer the learned structure to novel instances. On the other hand, they could be used for planning actions
or making optimal decisions in the current task demands. This application allows for inferences of not-previously-
experienced routes and discovering a new decision policy. If the first perspective is right, we would expect to find that
training on trajectories that do not enable complete exploration of the transition structure of the space would abolish the grid
representation. However, it would not if the second hypothesis is correct. Therefore, there are two main challenges to
understanding the grid code’s utility in cognition: a) determining whether grid codes use a context-invariant or context-
dependent representation for discovering a decision policy for knowledge generalization and if the grid codes across the
whole brain are bound to the same representation, and b) determining whether grid codes will be abolished in a situation
where the transition structure is not directly learned through experience.

Competing hypotheses and proposed approach for resolution Both of the challenges arise out of two competing views
on the following question: to afford generalization, how do the grid codes leverage a previously learned structure to find the
solution for a novel problem? The first hypothesis is that the grid code is a low-dimensional representation of cached
previous trajectories such as eigenvectors of the successor representation (SR), which is dependent on the policy that it is
learnt over. The grid code would enable automatic generalization to new, similar contexts by reorienting/realigning, and
transferring the structure of the previous environment to the new one, but any inferences of routes not learnt through
previous policy would depend on other hippocampal mechanisms, such as simulation (26, 30). According to this “learning”
hypothesis, the grid codes should be explained by the allocentric representation of the task structure. For example, when a
skier navigates the terrain, the grid code for her position will be based on a bird’s eye view born out of her previous
experiences navigating this area (such that the first-aid cabin is to the northeast of the lodge). The same EC grid-like codes
should be used to indicate the vector between two points of the internal cognitive map irrespective of how this vector guides
further action selection or decision-making. Moreover, activity of other brain areas showing the grid code would be aligned
to the same EC grid orientation, suggesting the brain shares a single cognitive map. Because this code is determined by




the policy during the initial learning experiences, we expect that when training experiences are limited and do not allow for
experience of the complete transition structure of the task, the grid representations would be abolished.

The second alternative hypothesis is that the grid codes might take part in planning future actions and optimizing a
decision policy in the current decision-making context. To make flexible decisions, the brain should switch between decision
policies that determine how to map a state to an action. Under a different decision policy, the relationship between the same
entities is mapping to different action values. Thus, for our skier, the grid code will depend on her policy based on her
position (e.g., if she wants to get to the first-aid cabin from the lodge, then she must turn right, but for the other way around,
she must turn left, and her grid code might be aligned to different reference frames according to the desired destination). A
recent study shows that grid code is modulated by the current head direction of self-motion (32). To use a cognitive map to
guide vector navigation in a novel situation, the grid codes should access the frontoparietal network in the brain to afford
flexible decision-making and executive control (33—-35). If this “planning” hypothesis is supported, we expect to find that the
EC grid orientation estimated during decision-making in one context does not need to be aligned to that estimated in another
context of decision-making, but systematically reoriented/realigned to the vector for efficient action selection or optimal
decision-making. By extension from the second hypothesis, we also aim to test whether grid codes in either EC or outside
of EC (or both) might play a role in translating the cognitive map into the low dimensional action values, complementing the
recent findings of egocentric spatial representations in the posterior parietal cortex or secondary motor cortex (22—25). This
hypothesis holds that grid codes should dynamically switch between decision policies, and that grid codes would exist even
after incomplete training of transition structures because it would be used for planning and inference of new trajectories.

To test these competing hypotheses, we propose two experiments in which participants would be asked to
generalize the previously learned structure into a novel situation and make different action selections or different decisions
under a new decision policy. This approach is distinguished from previous work by decoupling the trajectories and the
reference frames during initial learning experiences for building a cognitive map, and those for future planning and decision-
making using this cognitive map. The first experiment dissociates spatial position from the task structure, to ask whether
grid codes align to spatial position or goal demands. The second experiment instead puts attribute space positional coding
into conflict with the frame of goal-related valuation.

In the first experiment, we test participants on a predictive inference task that requires learning an abstract task
space that is dissociated from the physical representation of the space. In the first session, participants will learn a task
where they spatially navigate a “shield” from a randomized start position to a location on a circular arena in which an “alien
attack” is expected to occur (Fig 1A). The color of the shield is predictive of the attack location, with each of five colors
predicting a different location on the arena, which the participants learn through experience. After each color-location
association has been repeated a number of times, the attack locations will be rotated by 90 degrees with respect to the
circular arena (Fig 1B). For the remainder of the task, the color-space associations will alternate between the first and
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“zero-shot” learning. Critically, the randomized starting location in the experiment ensures that participants will experience
a representative sampling of state transitions in the task and enables a complete SR of the task structure. We will test the
necessity of representative sampling to the grid code by conducting an alternate version of the training task where the shield
always starts at the same location (i.e., the center of the circle) in a different set of participants, while keeping all of the other
aspects of the task the same.

Using well-established previous methods to look at brain regions showing hexagonal symmetry in fMRI (4, 6, 36),
the 90-degree rotation allows us to perfectly dissociate grid-like fMRI representations observed during task performance
into spatial and abstract categories. The cognitive representation of the task space is aligned relative to the color locations
and thus is re-oriented between blocks, whereas the spatial representation remains the same (Fig 1C and 1D). If the grid
code represents the cognitive task space, the “learning” hypothesis holds that it would realign and automatically transfer
the structural information from the original context (no rotation) to the new context (e.g., the 90-degree rotation), and its
phase consistency should be correlated with the success on zero-shot learning. Also, various regions that show the grid
code (mPFC, EC, and PCC) would all be aligned to this cognitive representation of the task (as opposed to the spatial
representation). In the same-starting-location version of the task, this account predicts that grids will not emerge, and that
instead behavior will be guided by value signals over possible trajectories, analogous to the lack of grids observed in
previous study by one of our teams (31). In contrast, the “planning” hypothesis would hold that the grid code is used for
planning independently in each rotation, irrespective of the starting point manipulation. In this case, the structural information
of the task should not automatically transfer between contexts and enable zero-shot learning. The grid code in EC, mPFC,
and PCC may differ in whether they show alignment to the spatial or the cognitive representation, depending on whether
they are involved in higher order planning (mPFC, EC), or motor planning (PCC). In the same-starting-location version of



the task, the planning hypothesis would predict that a grid representation would still be intact, due to its role in planning that
would allow inference of the relationships between the colors regardless of experience during training.

In the second experiment, we test whether and how the grid-codes serve to generalize the previously learned
cognitive map to make a decision which requires one to develop a novel decision policy. During behavioral training (Fig.2A),
participants are trained on an abstract 4x4 ‘wine space’ characterized by two orthogonal dimensions of four attributes: a
taste dimension (sweet to dry) and a body dimension (light to full). During learning blocks of training, participants learn
piecemeal the relative attributes of wines from feedback-based binary comparisons. Critically, participants only compare
two wines that are different by one level in the task-relevant attribute, given as colored cues (Fig.2A). Importantly, they learn
the relative state of a pair of wines along one attribute at a time in separate days (e.g. On Day 1, only the taste dimension
is experienced; In Day 2, only the body dimension is experienced). They are never asked to combine two dimensions during
training. Moreover, participants are not presented with the overall graph structure, nor are they explicitly encouraged to
resolve this task spatially. Instead, they might be able to infer the structure with transitive inferences. During fMRI (Day 3,
Fig.2B), participants are asked to choose a wine which is preferred in the markets of different countries, each of which
prefers either one or two taste attributes in their wines. For example, Spain prefers dry wines while France prefers sweet
and bold wines. Therefore, the participants should switch between different decision policies to map a wine (state) into a
different value (action value) in different countries. Note that participants have only used the decision policies aligned to one
dimension while learning the cognitive map (1D hierarchy; Fig.2A), and never have a chance to develop a policy aligned to
the diagonal axis which is required for choosing a wine preferred in a country in which the market value is determined by
the relative states in two dimensions (2D hierarchy; Fig.2B). As with the first experiment, we plan to identify the brain regions
showing the hexadirectional symmetry according to the direction of inferred trajectories over the 4x4 abstract wine space
(4, 6, 36) (Fig.2C). If the “learning” hypothesis is supported, the grid code should be used for representing a low dimensional
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orthogonal dimensions, as we found in the previous studies using the similar paradigm (6, 21), we expect to see the grid
codes modulated by the direction of the inferred vectors between wines but consistent across contexts (countries) (Fig.2D
right). If the “planning” hypothesis is supported, we expect not only to see the grid codes but changes of their basis (the
orientation of the grid codes) realigned with the decision policy according to the taste preference of each country (Fig.2E).
The changes in basis of the grid codes will be tested not only within each of regions of interest in EC, mPFC, and PCC, but
also between regions (e.g. test whether the grid code in PCC is aligned to the grid orientation estimated from EC). To take
it one step further, we will conduct representational similarity analysis (RSA) on fMRI data. If the grid codes across the
whole brain share a single allocentric coordinate to provide a context invariant grid code, we expect to find that the
representational dissimilarity matrix (RDM) will only be explained by the pairwise 2D distance (e.g. Euclidean) between
wines in the cognitive map (Fig.2D left). On the contrary, if the basis of the grid codes is flexibly changed across countries
realigned to the optimal decision policy in the current task, we expect to find that the changes in pattern dissimilarity
explained by the function of value differences between wines (Fig.2E).

Concrete outcomes We aim to understand the computational mechanism underlying the ability to generalize previous
experiences to novel problems. We proposed two experiments that were tailored to test the hypothetical roles of grid codes
in the human brain. We will be able to answer the following questions: Do grid codes inform context-invariant (allocentric)
relational codes across contexts or context-specific (egocentric) vectors for optimal decision-making? If the latter, is the new
basis aligned to either the axis for selecting planned actions or to the gradient of the decision value distributions under a
new policy, or both? Could the grid code be abolished with an incomplete transition structure? By providing experimental
evidence, we aim to contribute to a better understanding of how grid codes are employed to format structural knowledge
enable zero-shot inferences in novel situations.

Benefit to the community By providing solid experimental evidence of the role of grid codes in the generalization of abstract
knowledge in the general domain, we believe that this work will have potential positive influences in integrating reinforcement
learning and representational learning perspectives and more broadly in cognitive computational neuroscience society as
a whole. Behavioral flexibility across multiple contexts is a hallmark of human intelligence yet challenging to machines (37,
38) c.f. (39). Our work will contribute to designing intelligent systems that represent an abstract knowledge structure from
experiences and use this structure to facilitate transfer learning.
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