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Abstract

Active predictive coding (APC) is a recently proposed the-
ory of the neocortex that postulates that a canonical sensory-
motor processing circuit is replicated across cortical areas.
These areas are organized in a rough hierarchy, with higher-
level neural states modulating lower-level circuits imple-
menting state-transition dynamics and policy functions. Such
a structure enables the network to learn the compositional
structure of the world, allowing it to rapidly compose solu-
tions to new problems and generalize quickly to new environ-
ments. In APC, complex state transition dynamics are mod-
eled as a sequence of simpler dynamics, which in turn are
modeled using even simpler dynamics, and so on. Complex
policies are similarly modeled as sequences of simpler poli-
cies, with the lowest level comprising sequences of primitive
actions. Here we show that the APC model offers a unify-
ing framework for multi-modal intelligence by demonstrat-
ing that the same architecture can (a) perform visual object
recognition via active sensing (eye movements) and parts-
based understanding, (b) navigate to desired goal locations
in a complex environment through hierarchical planning, (c)
learn to parse language hierarchically, infer the goal (i.e., in-
tent) of an uttered sentence, and achieve the inferred goal
through actions, and (d) scale up to realistic environments.
Our results suggest that neurally-inspired approaches such as
APC can help pave the way for more interpretable, generaliz-
able, efficient, and human-like multi-modal AL

Introduction

Predictive coding (Rao and Ballard 1999; Keller and Mrsic-
Flogel 2018; Jiang and Rao 2022) and related theories such
as active inference and the free energy principle (Friston and
Kiebel 2009; Friston, Daunizeau, and Kiebel 2009) have
garnered increasing attention in recent years as computa-
tional models of how the brain perceives and acts in the real
world. In the traditional predictive coding model (Rao and
Ballard 1999), different areas of the neocortex together im-
plement a hierarchical generative model of the world. Feed-
back connections from a higher to a lower level predict
lower-level responses. Prediction errors propagate via feed-
forward connections to update higher-level estimates during
inference, and at a slower timescale, update network weights
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for learning, thereby offering a biologically plausible and ef-
ficient alternative to backpropagation.

While the original formulation of predictive coding ig-
nored actions, the recent theory of active predictive cod-
ing (APC) (Rao, Gklezakos, and Sathish 2023; Rao 2024)
acknowledges the central role of actions in cortical func-
tion and integrates actions and sensory states in hierarchical
feedback loops. The resulting architecture serves two im-
portant functions: (a) the complex state-transition dynamics
of real world environments can be modeled as sequences of
simpler dynamics, which in turn can be decomposed into
even simpler dynamics, and so on; (b) complex action se-
quences can similarly be decomposed into sequences of sim-
pler action sequences or policies (state-to-action mappings),
with the lowest level composed of sequences of primitive
actions. It has been hypothesized (Rao 2024) that evolution
may have arrived at such an architecture to enable the brain
to learn and exploit the compositional nature of the world
we live in, allowing us to rapidly compose solutions to new
problems that may confront us and generalize quickly to new
environments. The APC model has been shown to provide
explanations for both the neuroanatomical structure of the
neocortex (laminar organization and cortico-cortical feed-
back connections) as well as properties of neurons that have
been observed across cortical areas (see (Rao 2024) for de-
tails).

In this paper, we show that the APC model provides a uni-
fying framework for multi-modal intelligence. We present
results demonstrating that the same APC architecture can
(1) perform visual object recognition via active sensing (eye
movements) and parts-based understanding, (2) navigate to
desired goal locations in a large environment through hier-
archical planning, (3) learn to parse language hierarchically,
infer the goal (i.e., intent) of an uttered sentence, and achieve
the inferred goal through actions, and (4) scale up to realistic
environments.

Active Predictive Coding

The evolution of intelligence may have been predicated on
the ability to move (Llinds 2001): early nervous systems
likely developed intelligence to enable an organism to sense
the environment and move towards nutrients required for
survival and away from noxious stimuli and predators. Sev-
eral hundred million years later, we still find a tight connec-
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Figure 1: Active Predictive Coding. (A) Active predictive coding
model for a single level. (B) Hierarchical active predictive coding
model. See text for details.

tion between sensation and action maintained through evolu-
tion and in the brains of mammals like mice and humans. For
example, recent large-scale recordings across the neocortex
in mice have revealed (Zatka-Haas et al. 2021) that almost
all areas, including areas traditionally labeled as “sensory
cortex,” are influenced by upcoming actions. Regions of the
brain responsible for executing actions send an “efference
copy” of an impending action to other brain regions such as
the cortex to allow them to update their neural representa-
tions in anticipation of expected sensory stimuli.

Active predictive coding (APC) (Rao 2024; Rao, Gkleza-
kos, and Sathish 2023) is a recent extension of predictive
coding that acknowledges the central role of actions (e.g.,
eye, head, body movements) in perception, cognition and
behavior. The model is motivated by the fact that each cor-
tical area, even primary sensory areas such as V1 (primary
visual cortex), not only receives sensory information but also
sends outputs to the brain’s evolutionarily-older motor cen-
ters such as the superior colliculus and the spinal cord.

APC State-Action Networks

The APC model assumes that each cortical area includes a
“state-prediction” (or state-transition) function f, that pre-
dicts the next sensory state s; at time ¢ given a previous state
s¢—1 and action a,_; (see Figure 1A, top). The same corti-
cal area also computes an action or “policy” function f, that
maps the current state s; (and previous action a;_1) to the
next action a, that is appropriate for the current task or goal
(Figure 1A, bottom).

The recurrent neuronal networks implementing f; and f,
feed their outputs to each other as shown in Figure 1A, defin-
ing a generative model and leading naturally to a sequence
of predictions of states and actions. Such a sequence can
track environmental states during behavior or alternatively,
be used for internal simulation and planning. During behav-
ior, an efference copy of an action selected for execution is
sent to the state-transition function for generating the next
state prediction (dashed arrow in Figure 1A), while sensory
input prediction errors (after an action is executed) are con-
veyed back to the network to update the state s; as part of
the inference process. The same prediction errors are also
used to update the parameters of f and learn the state tran-
sition dynamics of the environment (see (Rao, Gklezakos,
and Sathish 2023) for details). The policy function f, can

be learned through model-based planning and reinforcement
learning (see examples below).

Hierarchical APC Model

An important feature of the human nervous system is its hi-
erarchical organization in both sensory and motor domains.
Evolution builds new capabilities on top of what is already
available, and solutions to new problems in new ecologi-
cal niches could be potentially arrived at by adding a higher
level network that combines previously evolved lower-level
solutions (Kaas 2008; Mengistu et al. 2016). Solving a com-
plex problem by breaking it down into simpler sub-problems
is also a computationally sensible strategy: for example,
consider the problem of going to the grocery store. At a
high level of abstraction, you may divide the task into sub-
tasks (or “sub-goals”) such as walking to the door of your
house from whichever room you are currently in, opening
the door, walking to where your car is parked, getting into
car, etc. Note that many of these sub-tasks can be re-used
for solving a range of other problems (e.g., going to work,
going to visit a friend, etc.). Therefore, it may be useful to
learn a policy for the sub-task to avoid planning actions each
time the sub-task is re-used as part of a different task; in-
deed, this is precisely the motivation behind well-known hi-
erarchical reinforcement learning (HRL) frameworks such
as options (Sutton, Precup, and Singh 1999; Barto and Ma-
hadevan 2003a; Abel 2022). The ability to divide a problem
into components and re-use the components to solve new
problems is at the heart of compositionality, a powerful at-
tribute underlying the flexibility and fast generalization abil-
ity of human cognition (Lake et al. 2017; Smolensky et al.
2022; Ellis et al. 2021; Andreas 2019).

Note that compositionality for an agent interacting with
the physical world can involve not only dividing a com-
plex action into simpler actions but also dividing a complex
state, defined by its state transition function, into a sequence
of simpler state transition functions. For example, an envi-
ronment (e.g., an office building or gridworld maze) can be
divided into its compositional elements such as rooms and
corridors. Simiarly, a visual object can be decomposed into
a sequence of parts and where each part appears within the
object’s reference frame.

The APC model can be made hierarchical as follows (Fig-
ure 1B): a state representation vector s“t1) at abstraction
level i + 1 generates or modulates (via a hypernet H? (Ha,

Dai, and Le 2017; Rao 2024)) a state transition function fﬁi)
at the lower level ¢ (along with an initial state vector s((f)
to start the lower-level state-action sequence); similarly, a

higher-level action vector a(*t1) generates (via a hypernet

H?) alower-level policy function fa (“option” in RL (Sut-
ton, Precup, and Singh 1999; Abel 2022)). The two lower-
level functions interact with each other, as in Figure 1A,
to generate lower-level states and actions as shown in Fig-
ure 1B. Each such state vector and action vector can in turn
generate transition and policy functions at an even lower
level of abstraction. A lower-level sequence executes for a
period of time until a condition is met (e.g., a sub-goal is
reached, a task is completed or times out, or there is an ir-
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Figure 2: Active Vision. (A) 2-Level hierarchical inference of an object (MNIST digit) via glimpses obtained through active sensing using
eye movements. (B) Example of a learned part-whole hierarchy for the digit “8” as represented by two levels of parts and their locations with
the level’s reference frame. Adapted from (Rao, Gklezakos, and Sathish 2023).

reconcilable error at that level). Then, control returns to the
higher-level, which transitions to a new higher-level state
and a new higher-level action, and the process continues.
It is clear that such a generative model can generate the dy-
namics of the states (the “physics” of the world) and action
sequences (produced by a policy) at different time scales,
providing a mathematical and hierarchical way of describ-
ing complex tasks (such as going to the grocery store).

Active Vision

We first illustrate the applicability of APC in combining the
modalities of vision and action. Given a task, humans em-
ploy eye movements to move the high-resolution fovea to
appropriate locations in a scene, gathering information use-
ful for solving the task (Yarbus 1967). The APC architecture
can implement such an “active vision” approach to visual
perception by virtue of its integrated state-action networks.
To illustrate this capability, we simulated a 2-level APC
model (Figure 1B) (Rao, Gklezakos, and Sathish 2023) in
which the lower-level actions emulated eye movements (or
“attention”) by moving a fovea (“glimpse sensor” (Mnih
et al. 2014)) to extract high-resolution information about a
small part of a larger input image. At each higher-level time
step ¢ (a “macro-step”), the higher-level action vector af)
generates two values: a 2D location vector L; and a “macro-
action” (or option) vector o;. The location L; is used to re-

strict the bottom level to a sub-region 1, t(l) =G(I,Ly, M) of
scale M centered around L., corresponding to a new frame
of reference selected by the top level within the input im-
age. The option vector oy, which operates over this frame
of reference, is used as an input to the top-down network
H, él), which generates (or modulates) the lower-level action
network (fC(Ll) in (Fig. 1B).

The lower-level action network in turn generates a new ac-
tion a;lT) at lower level time step 7 (a “micro-step”), which
selects a fixation location within the larger reference frame
of It(l) specified by the higher level. This fixation yields a
small high-resolution “glimpse” (foveal image), specifying
a nested reference frame within the larger one. The lower-

. . 1 .
level action also predicts a new state vector sg T) 41 which

generates, via a trained decoder, a prediction for the glimpse
image expected after the “eye movement.” The resulting pre-
diction error is used to update the state vector, as prescribed
by the predictive coding model (Rao and Ballard 1999). For
the results below, the state networks at both levels were
trained to minimize image prediction errors while the ac-
tion networks were trained using reinforcement learning for
the task of image reconstruction (alternately, image classifi-
cation could be specified as the task; see (Rao, Gklezakos,
and Sathish 2023) for details)). The APC model was tested
on the MNIST dataset (10 classes of handwritten digits),
Fashion-MNIST (10 classes of clothing items) and Omniglot
(1623 hand-written characters from 50 alphabets).

Figure 2A shows an example of a learned parsing strat-
egy by the 2-level APC model for a handwritten digit. The
higher level learned to select actions that cover the input
image sufficiently, avoiding blank regions, while the lower
level learned to parse sub-parts inside the reference frame
computed by the higher level. Note how the initially uncer-
tain hypothesis (blurry “9”) is refined as the model makes
“eye movements” to accumulate evidence, converging on
the identity of the input digit ("4”). Figure 2A also sug-
gests why our perception appears stable despite dramatic
changes in our retinal images as our eyes move to sample
a scene: the last row of the figure shows how the recurrent
network in the model maintains a visual hypothesis that is
gradually refined, not exhibiting the large changes seen in
the “Actual Glimpses” row of Figure 2A. This “perceptual
stability” is enabled by the model’s ability to predict the ex-
pected glimpses for planned “eye movements” (Figure 2A,
Predicted Glimpses), similar to predictive activity observed
in the visual cortex before eye movements (Nakamura and
Colby 2002; Duhamel, Colby, and Goldberg 1992).

Figure 2 also shows a learned part-whole hierarchy for an
MNIST input, in the form of a parse tree of parts and sub-
parts (strokes and mini-strokes) (Fig. 2B) along with their lo-
cations within nested reference frames (Fig. 2C). The model
learns different parsing strategies for different classes of ob-
jects. In other experiments, we investigated the predictive
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Figure 3: Hierarchical Planning for Navigation. (A) The problem of navigating in a large environment (left panel) can be reduced to
planning using high-level states (red and yellow outlined “rooms”) and high-level abstract actions (panels on the right show two abstract
actions: A; and As). Blue: current location, gray: walls, green: current goal location. (B) To navigate to the goal, the APC model uses its
learned high-level state network to sample K high-level state-action sequences (K = 2 here, shown bifurcating from the initial state). In
each sequence, the high-level state is depicted by a predicted room image (red or yellow outlined image) and its location (marked by an “X”
in the rectangular global frame below the image). High-level actions: square local frames (below arrows) with goal locations (purple). (C)
Given sampled sequences, the model picks the sequence with highest total reward, executes this sequence’s first (high-level) action to reach
the blue location (top panel), and repeats to reach the goal location with only 3 high-level actions (bottom panel). Small red dot: intermediate
location; small blue dot: intermediate goal. Adapted from (Rao, Gklezakos, and Sathish 2023).

and generative ability of the trained model by setting the pre-
diction error input to the lower level network to zero, which
disconnects the model from the input and forces it to predict
a sequence of parts to “complete” an object. We found that
the model generates plausible predictions of parts given an
initial glimpse (Rao, Gklezakos, and Sathish 2023).

Navigation and Hierarchical Planning

The same architecture used above for active vision can also
be used for planning hierarchical actions for navigation.
Consider the problem of navigating from any starting lo-
cation to any goal location in a large “multi-rooms” build-
ing environment such as the one in Figure 3A (gray: walls,
blue circle: current location, green square: current goal lo-
cation). Adopting the convention of reinforcement learning
(RL) (Sutton and Barto 2018), we regard the lower-level
states of the APC model in this case as discrete locations
in the grid, and lower-level actions as going north (N), east
(E), south (S) or west (W). A large reward (+10) is received
at the goal location, with a small negative reward (-0.1) for
each action to encourage short paths.

Just as an object (e.g., the MNIST digit in Fig. 2B) is
modeled in APC as consisting of parts (e.g., strokes, curves)
at different locations, an environment such as the one in
Figure 3A is modeled as composed of smaller components
(here, two 3 x 3 “room types” S1 and S2 which act as lo-
cal reference frames), outlined in red and yellow respec-
tively in the figure, occurring at different locations in the
global reference frame. The higher-level states of the APC

model are consequently defined by state embedding vectors
S1 and S2, trained to generate, via the top-down network

Hﬁl) (Fig. 1B), the lower-level transition functions fﬁl) for
rooms S1 and S2 respectively.

Similar to how the APC vision model reconstructs an im-
age by composing parts from sub-parts (Fig. 2), the APC
model for planning computes higher-level action embedding
vectors A; (option vectors) for the multi-rooms world that

generate, via top-down network H, él) (Fig. 1B), lower-level

policies fél) that produce primitive actions (go 1 step in di-
rection N, E, S, or W) from any location in the local refer-
ence frame (S1 or S2) to reach the goal ¢ within that frame.
For the present simulation, eight macro-actions (options) A;
were trained using reinforcement learning to reach one of the
four corners of S1 or S2 (see (Rao, Gklezakos, and Sathish
2023) for details). Figure 3A (right panels) illustrate two of
the eight bottom-level policies generated by higher-level ac-
tion vectors A; and Aj for reaching goal locations 1 and
3 respectively. Defining these policies to operate within the
local reference frame of the higher-level state S1 or S2 (re-
gardless of global location in the building) confers the APC
model with great flexibility because the same policy can be
re-used at multiple locations to solve local tasks (here, reach
sub-goals within room types S1 or S2).

The higher-level state network was trained to predict the
next higher-level state (decoded as an image of room type S1
or S2, plus its location) given the current higher-level state
and higher-level action. This trained higher-level state net-
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Figure 4: Higher-Level State Inference for Navigation and Robustness to Goal Changes. (A) An environment componsed of four types

of rooms, each defined by a different transition function fsm characterizing the structure of the walls in the room. (B) Examples of inference
of higher-level state as the agent explores and interacts with the walls of a room: each colored trajectory shows successive updates to the
state vector for a particular room based on backpropagating the input prediction error at each time step through the state hypernetwork which
generates the transition function. (C) Performance of an APC agent using hierarchical planning for navigation compared to a traditional RL
agent in a goal-changing multi-rooms environment. Plot (C) adapted from (Rao, Gklezakos, and Sathish 2023).

work was used for planning a sequence of 4 higher-level
actions (using model predictive control (MPC) (Richards
2004)) as follows: random state-action trajectories of length
4 were generated using the higher-level state network by
starting from the current state and picking one of the four
random actions A; for each next state; the action sequence
with the highest total reward was selected and its first action
was executed, and this process was repeated. Figures 3B-C
illustrate this planning process using the trained APC model.

Figures 4A and 4B provide examples of how the APC
agent can infer what type of room it is in by inferring the
higher-level state that generates the corresponding transition

function fs(l), via exploratory movements within the room
— the evolution of the higher-level state vectors and the final
converged vectors for the four rooms in Figure 4A are shown
as colored trajectories ending in a star in Figure 4B (visual-
ized as a 2D PCA projection of the state vectors). Figure 4C
illustrates how the APC model can re-use its learned high-
level actions in new combinations to plan hierarchically and
quickly solve novel tasks such as when the goal location is
changed, whereas a traditional reinforcement learning agent
is unable to cope with the goal change and must learn a new
policy from scratch to navigate to the new goal location.

Language Understanding and Multi-Modal
Problem Solving

To further illustrate the applicability of APC for achiev-
ing multi-modal intelligence, we demonstrate how the APC
model used above for vision and navigation can also parse
natural language and ground its understanding of linguistic
terms in sensed objects and actions. Specifically, we show
how a 2-level APC model can both (a) parse a natural lan-
guage statement specifying a goal and (b) fulfill that goal by
perceiving relevant objects within its environment and exe-
cuting actions.

BabyAl is a research platform designed to study grounded
language learning (Chevalier-Boisvert et al. 2018). It in-
cludes a collection of 2D gridworld environments with mis-
sions specified by natural language sentences. The goal of

the agent is to understand and fulfill those missions by navi-
gating in the gridworld environment with partial observabil-
ity and interacting with objects. The object types include
balls, boxes, keys, and doors which can be one of 6 colors
(red, yellow, green, blue, purple, grey). The natural language
sentences are generated by a context-free grammar.

Here, we focused on one-room environments with the fol-
lowing missions: “go to a/the {color} {object type},” “pick
up a/the {color} {object type},” and “open a/the {color}
door.” To demonstrate language understanding, we also in-
cluded mission types “put a/the {color} {object type} next
to a/the {color} {object type}.” The above mission state-
ments have verbs (go, open, pick up, put), adjectives (col-
ors), and nouns (objects) that the agent must learn to un-
derstand and map to its own actions and perceptions. To
achieve these missions, the agent can perform 7 different
actions—Ileft, right, forward, pickup, drop, toggle (interact
with doors), and done (signal task completion). These ac-
tions allow the agent to navigate and interact with objects
in the gridworld environment. The agent must learn through
training to associate different parts of the mission sentence
to relevant features and objects in the world, and associate
the verbs with appropriate actions it needs to take. In this
way, the agent “grounds” its understanding of natural lan-
guage in its own sensory perceptions and motor actions.

For both language understanding and executing actions
to achieve a goal, we use a 2-level APC model employ-

ing state and action hypernetworks H. 5(1) and H(gl) respec-
tively (Fig. 1B). Rather than generating an entire network at
the lower level, we adopt an embedding approach (Galanti
and Wolf 2020), where the hypernetwork produces an em-
bedding vector from the higher-level latent vector, which is
then used to modulate a lower-level recurrent network. The
lower-level network (we used an LSTM network (Hochreiter
and Schmidhuber 1997) for language and a recurrent neu-
ral network (RNN) for action) takes as input this top-down
embedding, concatenates it to the previous state si?fl and

action ang)_l, and predicts the next state or action (Fig. 1B).
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Figure 5: Language Understanding: Parsing sentences and inferring goals/intent using APC. (A) 3D PCA projection of inferred higher-
level state for different mission sentences in BabyAl, colored based on the first word in the sentence. (B) Examples of higher-level state
inference as the agent iterates over sentences beginning with the verb “open,” one word at a time. Each colored trajectory shows successive
updates to the higher-level state vector in a 3D PCA projected space based on backpropagating the prediction error at each time step through
the language state hypernetwork that generates the lower-level transition function. (C) Examples of inference trajectories for different sen-
tences containing the adjective “red.” Note the convergence to different regions with local differentiation within each region.

As in the Active Vision and Navigation applications above,
the higher-level state vector (in this case, the goal/intent of
a sentence) is again inferred via backpropagation of predic-
tion errors during inference, given a sequence of words. We
first vectorize the words in the sentence by mapping them to
a unique 34-dimensional one-hot vector (vocabulary size for
possible BabyAlI missions is 34). The “semantic meaning”
of a sentence is captured by a 16-dimensional higher-level
state vector s(?) (Fig. 1B): this state vector is fed as input

to the language hypernetwork H 5(1) in Fig. 1B to generate
a 16-dimensional embedding vector e; as input to modulate
the lower-level LSTM network fs(l) predicting words.

The inference process makes updates to the higher-level
state s(2) (within the “semantic space” of possible sen-
tences) as evidence accumulates word by word. Inference of
5(2) minimizes prediction loss (negative log likelihood loss)
using gradient updates for each lower-level time step 7. We
updated s(2) 5 times per word as we sequentially process
each word in the sentence. The hypernetwork and lower-
level LSTM parameters are frozen during inference. Dur-
ing training, we perform inference to get the model’s current
best guess for s(2), from which we generate the embedding
vector e; via the hypernetwork and obtain the predicted sen-
tence via the lower level LSTM. The predicted sentence is
compared to the actual sentence and the error backpropa-
gated to update the hypernetwork and LSTM parameters.

Figure 5A shows a 3D PCA projection of converged
higher-level states s() for all the sentences the 2-level APC
state network was trained on — note the clustering of sen-
tences based on the verb type in different regions of the
space. Figures 5B and 5C depict 3D PCA plots of s(2) con-
verging for sentences beginning with the verb “open” (for
different doors) and a comparison with two other verbs,
respectively. We see striking parallels here between these
word-by-word semantic inference trajectories for language,
the glimpse-by-glimpse object inference process for active
vision (Figure 2A) and the move-by-move room recognition

trajectories for navigation (Figure 4B), indicating the gener-
ality of the APC framework. In language understanding, ob-
ject recognition, and navigation, the higher-level state repre-
sents a hypothesis that is iteratively refined using prediction
errors to arrive at a stable, higher-level state that captures the
intent behind the sentence, identity of the object, and iden-
tity of the room, respectively.

We ground the semantic understanding of the linguistic
mission statement in perception and action by implement-
ing a 2-level APC action network for hierarchical actions
in the BabyAl gridworld. At each macro-step ¢, we have a
higher-level policy £{* (f{*" in Fig. 1B) that takes the
current gridworld input and the higher-level state 5§2) in-
ferred from language, and outputs a higher-level action a£2)
(one of pickup, drop, toggle, done, or “go to the {color}
{object type}”). This higher-level policy was learned using
an actor-critic model, with an LSTM and an MLP feature
extraction layer trained using the PPO reinforcement learn-
ing method (Schulman et al. 2017). The “go to” higher-level
actions were vectorized as one-hot vectors and used as input

for the action hypernetwork Hél) (similar to the language
hypernetwork H, s(l)). The action hypernetwork generates a
64-dimensional embedding vector e, = H." (ag)) for the

lower-level RNN implementing fél): hy = tanh(x,W; +
b1+ hr—1Wa+bo)and a,41 = ReLU(h, W35+ b3), where
1 @

Zr = [eq, S+ ,ar’] is the concatenated lower-level input

and [0, W.3, b1.3] are the model parameters. Here, 39) is
the agent’s lower-level state obtained by concatenating the
vectors representing the agent’s orientation and relative po-
sition from the starting point, and a 7 x 7 overhead image

of the gridworld in front of the agent. The action hypernet-

work H{gl) was trained using the DAgger imitation learning
algorithm (Ross, Gordon, and Bagnell 2011), with the expert
trajectories generated by the BabyAl-provided expert bot.

We trained the higher-level policy fl?) on four BabyAl
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Figure 6: Achieving Goals Inferred from Understanding Lan-
guage. (A) The agent achieving the goal “go to the red box” in
the BabyAl environment Baby AI-GoToLocalS§N7-v0.The higher-
level actions (subgoals) the higher-level policy outputs are “go to
the red box” (executes the corresponding learned lower-level pol-
icy) and “done.” (B) The agent achieving the goal “open the yellow
door” from the BabyAl environment BabyAI-OpenDoorColor-v0.
The higher-level actions that the higher-level policy outputs are “go
to the yellow door” (executes the corresponding learned lower-level
policy), “toggle” (opens the door), and “done.”

environments: BabyAI-GoToObj-v0 (a one-room environ-
ment with only one object, where the mission is to go to
that object), BabyAI-GoToLocalS8N7-v0 (a one-room en-
vironment with many objects, most of which are distrac-
tors), BabyAlI-PickupDistDebug-v0 (similar to GoToLocal,
a one-room environment with many distracting objects), and
BabyAI-OpenDoorColor-v0 (a one-room environment with
no objects, only doors in the walls surrounding the room).
‘We achieved success rates of 99.40%, 75.30%, 43.40%, and
95.70% respectively for these BabyAl environments, where
success is defined as completing the mission stated by the
natural language sentence, and outputting the “done” sub-
goal within 100 macrosteps. Figure 6A and B show exam-
ples of successful mission completion trajectories generated
by our trained 2-level APC model.

Scaling APC: Multi-Modal Navigation in the
Habitat Environment

We tested whether APC scales to more realistic problems
using the Habitat 2.0 environment (Szot et al. 2021), chosen
for its efficient egocentric rendering, configuration flexibil-
ity, and a realistic suite of embodied Al tasks based on noisy
and sometimes partially occluded observations. A sample
environment and egocentric view of the agent is shown in
Figure 7A.

The goal in Habitat is similar to the one in the Naviga-
tion and Hierarchical Planning section. An agent begins at
a random location in a house and must navigate to a partic-
ular location specified by a position, GPS coordinates, or a
language command (name of a target object or room) (Szot
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Figure 7: Multi-Modal Navigation with APC in Habitat: (A)
We train a room-aware world model to predict next frames in an
egocentric navigation environment. Our APC agent predicts the fu-
ture frame while maintaining a higher-level state that estimates the
current room. Top frame: the ground truth frame; Bottom frame:
model’s prediction. (B) 2D PCA projection of inferred higher-level
states colored by the agent’s true current room. (C) 2D PCA pro-
jection for the same higher-level states but now for all rooms in
the environment and with an additional contrastive learning objec-
tive to improve clustering (see text). The resulting separation of
inferred higher-level states allows us to train a 2-level APC model
that navigates between rooms. (D) Performance of an action net-
work trained using deep Q-learning to reach a target room from
any location in the environment.

et al. 2021). When the agent reaches the goal location, the
episode is considered successful. Here, we consider the “Go
to” task of navigating to a particular room specified by a lan-
guage command (“kitchen,” “living room,” etc.) from any
starting location. The agent has three discrete actions (for-
ward, turn left by 30 degrees, turn right by 30 degrees). Only
the current egocentric image (no GPS, compass or additional
sensory information) is provided to the agent during naviga-
tion. In reinforcement learning, this task is framed as learn-
ing a goal-conditioned policy (Liu, Zhu, and Zhang 2022).



Solving such navigation tasks can be difficult as a result
of (1) the large state space due to pixel-based image inputs
and (2) sparse reward structure (reward obtained only after
reaching the goal). Several existing methods fail to effec-
tively learn navigation in such scenarios. For example, (Wi-
jmans et al. 2020) report that the PPO method takes up to
2.5 billion time steps to converge to a success rate of 15%
without the use of GPS and compass sensors to guide the
agent. However, even without GPS sensors, there is enough
information in the sequence of image-based states to map
sections of the environment. While traditional RL methods
fail to exploit such structural information from the environ-
ment, we found that APC can map the entire environment
with state-action hierarchies while navigating successfully.

We begin with the same 2-level APC architecture used
in previous sections. Similar to the action embedding input
in the previous section, the embedding input for the lower-
level state network is computed as e, = H (5(2). We en-
code images I; with a CNN visual encoder to learn a repre-
sentation of the image. The concatenated image representa-
tion, embedding vector from the higher state, and the pre-
vious action comprise the lower-level state network input
vector x; = [Ency(1;), es,a;]. The higher-level state 5@
is first inferred, allowing e to be computed. The lower-level
state network then predicts the next state which is decoded
to predict the next input jt+1 = Decy(x¢+1). Examples of
predicted images from the trained model are shown in Fig-
ure 7A. The inferred higher states s(2 for a sequence of
steps in three different rooms of an environment are shown
in Figure 7B. We use a dimension of 32 for higher-level
states s(2) in all our Habitat experiments.

Unlike the gridworld examples in Figure 4B, the inferred
higher states for different Habitat rooms do not cleanly sep-
arate into different regions of the 2D PCA space in Fig-
ure 7B, despite each room having unique structures and ob-
jects. This is due to the noisy nature of egocentric pixel-
based inputs. For example, an egocentric image while the
agent is in the kitchen can contain a view of the living room.
Despite this noisy nature of egocentric views, we observe
some clustering for different rooms (Figure 7B). However,
this may not be practical for learning higher-level state-
action networks for hierarchical planning or learning hier-
archical policies (Barto and Mahadevan 2003b; Abel 2022;
Rao, Gklezakos, and Sathish 2023). To overcome this issue,
we introduce a contrastive learning objective (Khosla et al.
2021; Chen et al. 2020) to APC’s reconstruction loss. For a
given batch of episodes, the loss function is given by £ =

T A(1)
»Creconstruct + £contrastive where Ereconslruct = Zt:o HStJrl -

sffjl ||3 is the standard predictive coding loss (also used in
VAE and world model learning algorithms (Kingma and
Welling 2013; Hafner et al. 2020, 2022)) and

exp(s;” -5, /7)

Econlraslive = Z IOg (D

2 2
peP(i) ZaeA(i) eXP(Sz(' Vs )/T)

where P(i) is the set of positive examples for anchor i (sam-
ples from same room in Habitat, for example) and A(7) is the
set of all samples excluding the i*" anchor (different rooms).

s is the representation of the i*" example and 7 is a scalar
temperature parameter (Khosla et al. 2021). For Habitat 2.0,
we start each batch of episodes from different rooms and
use the first few inferred s() as candidates to compute the
contrastive loss. Representations from the same episode are
considered as positive examples, and those from different
episodes become the set of negative samples. This additional
constraint helps the APC agent learn more discriminative
higher states as seen in Figure 7C.

Similar to previous sections, we consider ag) to be
a higher-level action, in this case representing a goal-
conditioned policy to reach room r. Given an inferred
higher-level state s(?), inferred, for example, from language
(see previous section), we can learn a mapping from a lan-
guage command (“Go to the kitchen”) to a higher-level ac-
tion. As in previous sections, we learn the hypernetwork

H (21) that generates for each higher-level action a lower level

policy fél). We use goal-conditioned Deep Q-Learning to
train this hierarchical policy to navigate to all rooms (Mnih
et al. 2013; Liu, Zhu, and Zhang 2022). A sparse reward of
1 was given when the agent successfully navigated to the
center of the goal room and a penalty of —0.01 was given
for every step taken. Preliminary results show that such a
method allows for superior sample efficiency in navigating
to a desired room (Figure 7D). Our ongoing work is focused

on learning the higher-level state transition function fs(z)
for comparing our hierarchical planning-based approach to
Deep Q-Learning based off-policy algorithms. We are also
exploring the use of diverse language commands for Habitat
(“Go To”, “Pick Up”, “Drop”, etc), building on the BabyAl
experiments described in the previous section.

Conclusion

Our results show how APC’s hierarchical state-action archi-
tecture can provide a unifying framework for multi-modal
intelligence. We showed how the same architecture can be
used for solving problems in active vision, planning, naviga-
tion, language understanding and goal inference, concluding
with examples illustrating multi-modal problem solving in
the BabyAI and Habitat environments. The APC approach
is inspired by the organizational principles of the neocor-
tex, such as its laminar and hierarchical structure as well as
the observation that cortical structure is remarkably similar
across cortical areas. It has been shown that an area asso-
ciated with one modality (e.g., audition) can learn to pro-
cess signals from a different modality (e.g., vision) (Roe
et al. 1992; von Melchner, Pallas, and Sur 2000), pointing to
a common underlying computation that generalizes across
modalities.

Our ongoing work is focused on scaling the APC model to
larger-scale environments and RL benchmarks, and leverag-
ing the model’s compositional structure and ability to gener-
ate new transition functions on the fly to achieve fast transfer
across environments and multi-modal tasks.
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