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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and

5

go towards this direction!

turn left turn left turn left turn left go forward

instruction: … Turn left and go towards the sofa ...

Low-level 
visuomotor space

Panoramic
action space 

Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
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searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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about high-level actions, using a panoramic action space with panoramic representation, converted
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure 2. Differences between Vision-and-Language Navigation (VLN) and Visual Question Answering (VQA). Both tasks can be formu-
lated as visually grounded sequence-to-sequence transcoding problems. However, VLN sequences are much longer and, uniquely among
vision and language benchmark tasks using real images, the model outputs actions ha0, a1, . . . aT i that manipulate the camera viewpoint.

ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
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scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 2: A three-step mapping from an instruction sentence to a sequence of actions in Windows 2000.
For each step, the figure shows the words selected by the action, along with the corresponding system
command and its parameters. The words of W 0 are underlined, and the words of W are highlighted in
grey.

the same sentence. The mapping state s is ob-
served after each action.

The initial mapping state s0 for document d is
(Ed, d, 0, ;); Ed is the unique starting environment
state for d. Performing action a in state s =
(E , d, j, W ) leads to a new state s0 according to
distribution p(s0|s, a), defined as follows: E tran-
sitions according to p(E 0|E , c, R), W is updated
with a’s selected words, and j is incremented if
all words of the sentence have been mapped. For
the applications we consider in this work, environ-
ment state transitions, and consequently mapping
state transitions, are deterministic.

Training During training, we are provided with
a set D of documents, the ability to sample from
the transition distribution, and a reward function
r(h). Here, h = (s0, a0, . . . , sn�1, an�1, sn) is
a history of states and actions visited while in-
terpreting one document. r(h) outputs a real-
valued score that correlates with correct action
selection.3 We consider both immediate reward,
which is available after each action, and delayed
reward, which does not provide feedback until the
last action. For example, task completion is a de-
layed reward that produces a positive value after
the final action only if the task was completed suc-
cessfully. We will also demonstrate how manu-
ally annotated action sequences can be incorpo-
rated into the reward.

3In most reinforcement learning problems, the reward
function is defined over state-action pairs, as r(s, a) — in this
case, r(h) =

P
t r(st, at), and our formulation becomes a

standard finite-horizon Markov decision process. Policy gra-
dient approaches allow us to learn using the more general
case of history-based reward.

The goal of training is to estimate parameters ✓
of the action selection distribution p(a|s, ✓), called
the policy. Since the reward correlates with ac-
tion sequence correctness, the ✓ that maximizes
expected reward will yield the best actions.

4 A Log-Linear Model for Actions

Our goal is to predict a sequence of actions. We
construct this sequence by repeatedly choosing an
action given the current mapping state, and apply-
ing that action to advance to a new state.

Given a state s = (E , d, j, W ), the space of pos-
sible next actions is defined by enumerating sub-
spans of unused words in the current sentence (i.e.,
subspans of the jth sentence of d not in W ), and
the possible commands and parameters in envi-
ronment state E .4 We model the policy distribu-
tion p(a|s; ✓) over this action space in a log-linear
fashion (Della Pietra et al., 1997; Lafferty et al.,
2001), giving us the flexibility to incorporate a di-
verse range of features. Under this representation,
the policy distribution is:

p(a|s; ✓) =
e✓·�(s,a)

X

a0

e✓·�(s,a0)
, (1)

where �(s, a) 2 Rn is an n-dimensional feature
representation. During test, actions are selected
according to the mode of this distribution.

4For parameters that refer to words, the space of possible
values is defined by the unused words in the current sentence.
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human: Walk past hall table. Walk into bedroom. Make left at table clock. Wait at 
bathroom door threshold.
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Figure 2. Differences between Vision-and-Language Navigation (VLN) and Visual Question Answering (VQA). Both tasks can be formu-
lated as visually grounded sequence-to-sequence transcoding problems. However, VLN sequences are much longer and, uniquely among
vision and language benchmark tasks using real images, the model outputs actions ha0, a1, . . . aT i that manipulate the camera viewpoint.

ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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Figure 2. Differences between Vision-and-Language Navigation (VLN) and Visual Question Answering (VQA). Both tasks can be formu-
lated as visually grounded sequence-to-sequence transcoding problems. However, VLN sequences are much longer and, uniquely among
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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lated as visually grounded sequence-to-sequence transcoding problems. However, VLN sequences are much longer and, uniquely among
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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Figure 2. Differences between Vision-and-Language Navigation (VLN) and Visual Question Answering (VQA). Both tasks can be formu-
lated as visually grounded sequence-to-sequence transcoding problems. However, VLN sequences are much longer and, uniquely among
vision and language benchmark tasks using real images, the model outputs actions ha0, a1, . . . aT i that manipulate the camera viewpoint.

ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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Figure 2. Differences between Vision-and-Language Navigation (VLN) and Visual Question Answering (VQA). Both tasks can be formu-
lated as visually grounded sequence-to-sequence transcoding problems. However, VLN sequences are much longer and, uniquely among
vision and language benchmark tasks using real images, the model outputs actions ha0, a1, . . . aT i that manipulate the camera viewpoint.

ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].

x1 x2

x3
x3

x5

x6

rel? obj?obj?x6? x5?adj

max  p(labels | text, graph; θ) 
labels

x1 x2

x3
x3

x5

x6



Inferring constraints

[Put]   [the cup]    [on]    [the table].

whiteandblue

biketheiscolorWhat

a
0

tablediningformal...andinsideMove ...

a
1

a
2

a
3

.

?

a
T-2

a
T-1

a
T

VQA:

VLN:
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vision and language benchmark tasks using real images, the model outputs actions ha0, a1, . . . aT i that manipulate the camera viewpoint.

ible objects to the set of hand-crafted models available to
the renderer. This turns the robot’s challenging open-set
problem of relating real language to real imagery into a far
simpler closed-set classification problem. The natural ex-
tension of this process is that adopted in works where the
images are replaced by a set of labels [13, 52]. Limiting
the variation in the imagery inevitably limits the variation
in the navigation instructions also. What distinguishes the
VLN challenge is that the agent is required to interpret a
previously unseen natural-language navigation command in
light of images generated by a previously unseen real envi-
ronment. The task thus more closely models the distinctly
open-set nature of the underlying problem.

To enable the reproducible evaluation of VLN methods,
we present the Matterport3D Simulator. The simulator is a
large-scale interactive reinforcement learning (RL) environ-
ment constructed from the Matterport3D dataset [11] which
contains 10,800 densely-sampled panoramic RGB-D im-
ages of 90 real-world building-scale indoor environments.
Compared to synthetic RL environments [7, 27, 62], the
use of real-world image data preserves visual and linguis-
tic richness, maximizing the potential for trained agents to
be transferred to real-world applications.

Based on the Matterport3D environments, we collect
the Room-to-Room (R2R) dataset containing 21,567 open-
vocabulary, crowd-sourced navigation instructions with an
average length of 29 words. Each instruction describes a
trajectory traversing typically multiple rooms. As illus-
trated in Figure 1, the associated task requires an agent to
follow natural-language instructions to navigate to a goal
location in a previously unseen building. We investigate the
difficulty of this task, and particularly the difficulty of op-
erating in unseen environments, using several baselines and
a sequence-to-sequence model based on methods success-
fully applied to other vision and language tasks [4, 14, 19].

In summary, our main contributions are:
1. We introduce the Matterport3D Simulator, a software

framework for visual reinforcement learning using the

Matterport3D panoramic RGB-D dataset [11];
2. We present Room-to-Room (R2R), the first benchmark

dataset for Vision-and-Language Navigation in real,
previously unseen, building-scale 3D environments;

3. We apply sequence-to-sequence neural networks to the
R2R dataset, establishing several baselines.

The simulator, R2R dataset and baseline mod-
els are available through the project website at
https://bringmeaspoon.org.

2. Related Work
Navigation and language Natural language command of
robots in unstructured environments has been a research
goal for several decades [57]. However, many existing
approaches abstract away the problem of visual percep-
tion to some degree. This is typically achieved either by
assuming that the set of all navigation goals, or objects
to be acted upon, has been enumerated, and that each
will be identified by label [13, 52], or by operating in
visually restricted environments requiring limited percep-
tion [12, 20, 24, 29, 35, 38, 55]. Our work contributes for
the first time a navigation benchmark dataset that is both lin-
guistically and visually rich, moving closer to real scenarios
while still enabling reproducible evaluations.

Vision and language The development of new bench-
mark datasets for image captioning [14], visual question
answering (VQA) [4, 19] and visual dialog [17] has spurred
considerable progress in vision and language understand-
ing, enabling models to be trained end-to-end on raw pixel
data from large datasets of natural images. However, al-
though many tasks combining visual and linguistic reason-
ing have been motivated by their potential robotic appli-
cations [4, 17, 26, 36, 51], none of these tasks allow an
agent to move or control the camera. As illustrated in Fig-
ure 2, our proposed R2R benchmark addresses this limita-
tion, which also motivates several concurrent works on em-
bodied question answering [16, 18].
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Logical constraint languages

Supervised learning with GENLEX Previous
work (Zettlemoyer & Collins, 2005) introduced a
function GENLEX(x, z) to map a sentence x and its
meaning z to a large set of potential lexical entries.
These entries are generated by rules that consider the
logical form z and guess potential CCG categories.
For example, the rule p ! N : �x.p(x) introduces
categories commonly used to model certain types of
nouns. This rule would, for example, introduce the
category N : �x.chair(x) for any logical form z

that contains the constant chair. GENLEX uses a
small set of such rules to generate categories that
are paired with all possible substrings in x, to create
a large set of lexical entries. The complete learning
algorithm then simultaneously selects a small sub-
set of these entries and estimates parameter values
✓. In Section 8, we will introduce a new way of
using GENLEX to learn from different signals that,
crucially, do not require a labeled logical form z.

5 Spatial Environment Modeling

We will execute instructions in an environment, see
Section 2, which has a set of positions. A position
is a triple (x, y, o), where x and y are horizontal and
vertical coordinates, and o 2 O = {0, 90, 180, 270}
is an orientation. A position also includes properties
indicating the object it contains, its floor pattern and
its wallpaper. For example, the square at (4, 3) in
Figure 2 has four positions, one per orientation.

Because instructional language refers to objects
and other structures in an environment, we introduce
the notion of a position set. For example, in Figure 2,
the position set D = {(5, 3, o) : o 2 O} represents
a chair, while B = {(x, 3, o) : o 2 O, x 2 [0 . . . 5]}
represents the blue floor. Both sets contain all ori-
entations for each (x, y) pair, thereby representing
properties of regions. Position sets can have many
properties. For example, E, in addition to being a
chair, is also an intersection because it overlaps with
the neighboring halls A and B. The set of possi-
ble entities includes all position sets and a few addi-
tional entries. For example, set C = {(4, 3, 90)} in
Figure 2 represents the agent’s position.

6 Modeling Instructional Language

We aim to design a semantic representation that is
learnable, models grounded phenomena such as spa-
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Figure 2: Schematic diagram of a map environment
and example of semantics of spatial phrases.

tial relations and object reference, and is executable.
Our semantic representation combines ideas from

Carpenter (1997) and Neo-Davidsonian event se-
mantics (Parsons, 1990) in a simply typed �-
calculus. There are four basic types: (1) entities e

that are objects in the world, (2) events ev that spec-
ify actions in the world, (3) truth values t, and (4)
meta-entities m, such as numbers or directions. We
also allow functional types, which are defined by in-
put and output types. For example, he, ti is the type
of function from entities to truth values.

6.1 Spatial Language Modeling

Nouns and Noun Phrases Noun phrases are
paired with e-type constants that name specific en-
tities and nouns are mapped to he, ti-type expres-
sions that define a property. For example, the noun
“chair” (Figure 2a) is paired with the expression
�x.chair(x), which defines the set of objects for
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Supervised learning with GENLEX Previous
work (Zettlemoyer & Collins, 2005) introduced a
function GENLEX(x, z) to map a sentence x and its
meaning z to a large set of potential lexical entries.
These entries are generated by rules that consider the
logical form z and guess potential CCG categories.
For example, the rule p ! N : �x.p(x) introduces
categories commonly used to model certain types of
nouns. This rule would, for example, introduce the
category N : �x.chair(x) for any logical form z

that contains the constant chair. GENLEX uses a
small set of such rules to generate categories that
are paired with all possible substrings in x, to create
a large set of lexical entries. The complete learning
algorithm then simultaneously selects a small sub-
set of these entries and estimates parameter values
✓. In Section 8, we will introduce a new way of
using GENLEX to learn from different signals that,
crucially, do not require a labeled logical form z.

5 Spatial Environment Modeling

We will execute instructions in an environment, see
Section 2, which has a set of positions. A position
is a triple (x, y, o), where x and y are horizontal and
vertical coordinates, and o 2 O = {0, 90, 180, 270}
is an orientation. A position also includes properties
indicating the object it contains, its floor pattern and
its wallpaper. For example, the square at (4, 3) in
Figure 2 has four positions, one per orientation.

Because instructional language refers to objects
and other structures in an environment, we introduce
the notion of a position set. For example, in Figure 2,
the position set D = {(5, 3, o) : o 2 O} represents
a chair, while B = {(x, 3, o) : o 2 O, x 2 [0 . . . 5]}
represents the blue floor. Both sets contain all ori-
entations for each (x, y) pair, thereby representing
properties of regions. Position sets can have many
properties. For example, E, in addition to being a
chair, is also an intersection because it overlaps with
the neighboring halls A and B. The set of possi-
ble entities includes all position sets and a few addi-
tional entries. For example, set C = {(4, 3, 90)} in
Figure 2 represents the agent’s position.

6 Modeling Instructional Language

We aim to design a semantic representation that is
learnable, models grounded phenomena such as spa-
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Figure 2: Schematic diagram of a map environment
and example of semantics of spatial phrases.

tial relations and object reference, and is executable.
Our semantic representation combines ideas from

Carpenter (1997) and Neo-Davidsonian event se-
mantics (Parsons, 1990) in a simply typed �-
calculus. There are four basic types: (1) entities e

that are objects in the world, (2) events ev that spec-
ify actions in the world, (3) truth values t, and (4)
meta-entities m, such as numbers or directions. We
also allow functional types, which are defined by in-
put and output types. For example, he, ti is the type
of function from entities to truth values.

6.1 Spatial Language Modeling

Nouns and Noun Phrases Noun phrases are
paired with e-type constants that name specific en-
tities and nouns are mapped to he, ti-type expres-
sions that define a property. For example, the noun
“chair” (Figure 2a) is paired with the expression
�x.chair(x), which defines the set of objects for
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Constraints without logic
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.
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model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
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scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
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theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.
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foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
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WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
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thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).
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skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
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withbuilt-inmappingfromlow-levelvisuomotorcontrol.
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
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sinceinstructionstypicallydescribeacyclicroutes.
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usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
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thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
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andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.
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eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
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theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.
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environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
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theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
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Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).
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by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.
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approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.
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foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
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WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 9: (a-c) Visualizations of tasks from the ISI Language Grounding dataset (Bisk et al., 2016) and our
model’s value map predictions. The agentive block and goal location are outlined in red for visibility. (d)
The MSE of the value map prediction as a function of a subgoal’s ordering in an overall task. The model
performs better on subgoals later in a task despite the subgoals being treated completely independently
during both training and testing.

trollable agent, whereas the ISI set allows multiple
blocks to be moved. We therefore modify the ISI
setup using an oracle to determine which block is
given agency during each step. This allows us to
retain the linguistic variability of the dataset while
overcoming the mismatch in task setup. The states
are discretized to a 13⇥ 13 map and the instructions
are lemmatized.

Performance on the modified ISI dataset is re-
ported in Table 4 and representative visualizations
are shown in Figure 9. Our model outperforms both
baselines by a greater margin in policy quality than
on our own dataset.

Misra et al. (2017) also use this dataset and report
results in part by determining the minimum distance
between an agent and a goal during an evaluation
lasting N steps. This evaluation metric is therefore
dependent on this timeout parameter N . Because we
discretized the state space so as to be able to repre-
sent it as a grid of embeddings, the notion of a single
step has been changed and direct comparison limited

to N steps is ill-defined.6 Hence, due to modifica-
tions in the task setup, we cannot compare directly
to the results in Misra et al. (2017).

Understanding grounding evaluation An inter-
esting finding in our analysis was that the difficulty
of the language interpretation task is a function of
the stage in task execution (Figure 9(d)). In the ISI
Language Grounding set (Bisk et al., 2016), each
individual instruction (describing where to move a
particular block) is a subgoal in a larger task (such
as constructing a circle with all of the blocks). The
value maps predicted for subgoals occurring later in
a task are more accurate than those occurring early
in the task. It is likely that the language plays a less
crucial role in specifying the subgoal position in the

6When a model is available and the states are not over-
whelmingly high-dimensional, policy quality is a useful metric
that is independent of this type of parameter. As such, it is our
default metric here. However, estimating policy quality for en-
vironments substantially larger than those investigated here is a
challenge in itself.

[Janner	et	al.,	TACL	’18]
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.
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no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
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since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
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is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.
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j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and

5

go towards this direction!

turn leftturn leftturn leftturn leftgo forward

instruction: … Turn left and go towards the sofa ...

Low-level 
visuomotor space

Panoramic
action space 

Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.
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about high-level actions, using a panoramic action space with panoramic representation, converted
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Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
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underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.
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andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
seesasofainthecenterofitsview,andthenperforma“goforward”action.Thisrequiresstrong
skillsofplanningandmemorizationofvisualinputs.Whileapossiblewaytoaddressthischallenge
istolearnahierarchicalpolicysuchasin[13],inourworkwedirectlyallowtheagenttoreason
abouthigh-levelactions,usingapanoramicactionspacewithpanoramicrepresentation,converted
withbuilt-inmappingfromlow-levelvisuomotorcontrol.

AsshowninFigure3,inourpanoramicrepresentation,theagentfirst“looksaround”andperceivesa
360-degreepanoramicviewofitssurroundingscenefromitscurrentlocation,whichisdiscretized
into36viewangles(12headings⇥3elevationswith30degreeintervals–inourimplementation).
Eachviewangleiisrepresentedbyanencodingvectorvi.Ateachlocation,theagentcanonlymove
towardsafewnavigabledirections(providedbythenavigationenvironment)asotherdirectionscan
bephysicallyobstructed(e.g.blockedbyatable).Here,inouractionspacetheagentonlyneedsto
makehigh-leveldecisionsastowhichnavigabledirectiontogotonext,witheachnavigabledirection
jrepresentedbyanencodingvectoruj.Theencodingvectorsviandujofeachviewangleand

5

go towards this direction!

turn leftturn leftturn leftturn leftgo forward

instruction: … Turn left and go towards the sofa ...

Low-level 
visuomotor space

Panoramic
action space 

Figure3:Comparedwithlow-levelvisuomotorspace,ourpanoramicactionspace(Sec.3.3)allows
theagentstohaveacompleteperceptionofthescene,andtodirectlyperformhigh-levelactions.

non-stationary(potentiallydependontheentiresequenceofactionstakenintheroute),itisonly
approximate,andsoweallowre-expandingstatesifahigher-scoringroutetothatstateisfound.

Ateachpointinourstate-factoredsearchforsearchingandgeneratingcandidatesinthefollower
model,westorethehighest-probabilityroute(asscoredbythefollowermodel)foundsofarto
eachstate.Statescontainthefollower’sdiscretelocationandheading(directionitisfacing)inthe
environment,andwhethertheroutehasbeencompleted(hadtheSTOPactionpredicted).Thehighest-
scoringroute,whichhasnotyetbeenexpanded(hadsuccessorsproduced),isselectedandexpanded
usingeachpossibleactionfromthestate,producingroutestotheneighboringstates.Foreachof
theseroutesrwithfinalstates,ifshasnotyetbeenreachedbythesearch,orifrishigher-scoring
underthemodelthanthecurrentbestpathtos,risstoredasthebestroutetos.Wecontinuethe
searchprocedureuntilKroutesendingindistinctstateshavepredictedtheSTOPaction,orthereare
noremainingunexpandedroutes.SeeSec.Binthesupplementarymaterialforpseudocode.

Sinceroutescoresareproductsofconditionalprobabilities,routescoresarenon-increasing,and
sothissearchproceduregeneratesroutesthatdonotpassthroughthesamestatetwice—whichwe
foundtoimproveaccuracybothforthebasefollowermodelandthepragmaticrescoringprocedure,
sinceinstructionstypicallydescribeacyclicroutes.

WegenerateuptoK=40candidateroutesforeachinstructionusingthisprocedure,andrescore
usingEq.1.Inadditiontoenablingpragmaticinference,thisstate-factoredsearchprocedureimproves
theperformanceofthefollowermodelonitsown(takingthecandidateroutewithhighestscoreunder
thefollowermodel),whencomparedtostandardgreedysearch(seeSec.CandFigureC.2ofthe
supplementarymaterialfordetails).

3.3PanoramicActionSpace

Thesequence-to-sequenceagentin[1]useslow-levelvisuomotorcontrol(suchasturningleftorright
by30degrees),andonlyperceivesfrontalvisualsensoryinput.Suchfine-grainedvisuomotorcontrol
andrestrictedvisualsignalintroducechallengesforinstructionfollowing.ForexampleinFigure3,
to“turnleftandgotowardsthesofa”,theagentneedstoperformaseriesofturningactionsuntilit
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 3: Compared with low-level visuomotor space, our panoramic action space (Sec. 3.3) allows
the agents to have a complete perception of the scene, and to directly perform high-level actions.

non-stationary (potentially depend on the entire sequence of actions taken in the route), it is only
approximate, and so we allow re-expanding states if a higher-scoring route to that state is found.

At each point in our state-factored search for searching and generating candidates in the follower
model, we store the highest-probability route (as scored by the follower model) found so far to
each state. States contain the follower’s discrete location and heading (direction it is facing) in the
environment, and whether the route has been completed (had the STOP action predicted). The highest-
scoring route, which has not yet been expanded (had successors produced), is selected and expanded
using each possible action from the state, producing routes to the neighboring states. For each of
these routes r with final state s, if s has not yet been reached by the search, or if r is higher-scoring
under the model than the current best path to s, r is stored as the best route to s. We continue the
search procedure until K routes ending in distinct states have predicted the STOP action, or there are
no remaining unexpanded routes. See Sec. B in the supplementary material for pseudocode.

Since route scores are products of conditional probabilities, route scores are non-increasing, and
so this search procedure generates routes that do not pass through the same state twice—which we
found to improve accuracy both for the base follower model and the pragmatic rescoring procedure,
since instructions typically describe acyclic routes.

We generate up to K = 40 candidate routes for each instruction using this procedure, and rescore
using Eq. 1. In addition to enabling pragmatic inference, this state-factored search procedure improves
the performance of the follower model on its own (taking the candidate route with highest score under
the follower model), when compared to standard greedy search (see Sec. C and Figure C.2 of the
supplementary material for details).

3.3 Panoramic Action Space

The sequence-to-sequence agent in [1] uses low-level visuomotor control (such as turning left or right
by 30 degrees), and only perceives frontal visual sensory input. Such fine-grained visuomotor control
and restricted visual signal introduce challenges for instruction following. For example in Figure 3,
to “turn left and go towards the sofa”, the agent needs to perform a series of turning actions until it
sees a sofa in the center of its view, and then perform a “go forward” action. This requires strong
skills of planning and memorization of visual inputs. While a possible way to address this challenge
is to learn a hierarchical policy such as in [13], in our work we directly allow the agent to reason
about high-level actions, using a panoramic action space with panoramic representation, converted
with built-in mapping from low-level visuomotor control.

As shown in Figure 3, in our panoramic representation, the agent first “looks around” and perceives a
360-degree panoramic view of its surrounding scene from its current location, which is discretized
into 36 view angles (12 headings ⇥ 3 elevations with 30 degree intervals – in our implementation).
Each view angle i is represented by an encoding vector vi. At each location, the agent can only move
towards a few navigable directions (provided by the navigation environment) as other directions can
be physically obstructed (e.g. blocked by a table). Here, in our action space the agent only needs to
make high-level decisions as to which navigable direction to go to next, with each navigable direction
j represented by an encoding vector uj . The encoding vectors vi and uj of each view angle and
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Figure 6: Example predictions for string editing.

posal model. These results are shown in Table 3.
A few interesting facts stand out. Under the or-

dinary evaluation condition (with no ground-truth
annotations provided), language-learning with nat-
ural language data is actually better than language-
learning with regular expressions. This might be be-
cause the extra diversity helps the model figure out
the relevant axes of variation and avoid overfitting to
individual strings. Allowing the model to do its own
inference is also better than providing ground-truth
natural language descriptions, suggesting that it is
actually better at generalizing from the relevant con-
cepts than our human annotators (who occasionally
write things like I have no idea for the inferred rule).
Unsurprisingly, with ground truth REs (which unlike
the human data are always correct) we can do better
than any of the models that have to do inference.
Coupling our inference procedure with an oracle RE
evaluator, we essentially recover the synthesis-based
approach of Devlin et al. (2017). Our findings are
consistent with theirs: when a complete and accu-
rate execution engine is available, there is no reason
not to use it. But we can get almost 90% of the way
there with an execution model learned from scratch.
Some examples of model behavior are shown in Fig-
ure 6; more may be found in Appendix D.

6 Policy Search

The previous two sections examined supervised set-
tings where the learning signal comes from few ex-

amples but is readily accessible. In this section, we
move to a set of reinforcement learning problems,
where the learning signal is instead sparse and time-
consuming to obtain. We evaluate on a collection of
2-D treasure hunting tasks. These tasks require the
agent to discover a rule that determines the location
of buried treasure in a large collection of environ-
ments of the kind shown in Figure 7. To recover
the treasure, the agent must navigate (while avoid-
ing water) to its goal location, then perform a DIG
action. At this point the episode ends; if the treasure
is located in the agent’s current position, it receives
a reward, otherwise it does not. In every task, the
treasure has consistently been buried at a fixed posi-
tion relative to some landmark (like the heart in Fig-
ure 7). Both the offset and the identity of the target
landmark are unknown to the agent, and the location
landmark itself varies across maps. Indeed, there
is nothing about the agent’s observations or action
space to suggest that landmarks and offsets are even
the relevant axis of variation across tasks, but this
structure is made clear in the natural language an-
notations. The high-level structure of these tasks is
similar to one used by Hermer-Vazquez et al. (2001)
to study concept learning in humans.

The interaction between language and learning in
these tasks is rather different than in the supervised
settings. In the supervised case, language served
mostly as a guard against overfitting, and could

Figure 7: Example treasure hunting task: the agent is
placed in a random environment and must collect a re-
ward that has been hidden at a consistent offset with re-
spect to some landmark. At language-learning time, nat-
ural language instructions and expert policies are addi-
tionally provided. The agent must both learn primitive
navigation skills, like avoiding water, as well as the high-
level structure of the reward functions for this domain.
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natural language descriptions, suggesting that it is
actually better at generalizing from the relevant con-
cepts than our human annotators (who occasionally
write things like I have no idea for the inferred rule).
Unsurprisingly, with ground truth REs (which unlike
the human data are always correct) we can do better
than any of the models that have to do inference.
Coupling our inference procedure with an oracle RE
evaluator, we essentially recover the synthesis-based
approach of Devlin et al. (2017). Our findings are
consistent with theirs: when a complete and accu-
rate execution engine is available, there is no reason
not to use it. But we can get almost 90% of the way
there with an execution model learned from scratch.
Some examples of model behavior are shown in Fig-
ure 6; more may be found in Appendix D.
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The previous two sections examined supervised set-
tings where the learning signal comes from few ex-

amples but is readily accessible. In this section, we
move to a set of reinforcement learning problems,
where the learning signal is instead sparse and time-
consuming to obtain. We evaluate on a collection of
2-D treasure hunting tasks. These tasks require the
agent to discover a rule that determines the location
of buried treasure in a large collection of environ-
ments of the kind shown in Figure 7. To recover
the treasure, the agent must navigate (while avoid-
ing water) to its goal location, then perform a DIG
action. At this point the episode ends; if the treasure
is located in the agent’s current position, it receives
a reward, otherwise it does not. In every task, the
treasure has consistently been buried at a fixed posi-
tion relative to some landmark (like the heart in Fig-
ure 7). Both the offset and the identity of the target
landmark are unknown to the agent, and the location
landmark itself varies across maps. Indeed, there
is nothing about the agent’s observations or action
space to suggest that landmarks and offsets are even
the relevant axis of variation across tasks, but this
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notations. The high-level structure of these tasks is
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Neural planning

Figure 9: (a-c) Visualizations of tasks from the ISI Language Grounding dataset (Bisk et al., 2016) and our
model’s value map predictions. The agentive block and goal location are outlined in red for visibility. (d)
The MSE of the value map prediction as a function of a subgoal’s ordering in an overall task. The model
performs better on subgoals later in a task despite the subgoals being treated completely independently
during both training and testing.

trollable agent, whereas the ISI set allows multiple
blocks to be moved. We therefore modify the ISI
setup using an oracle to determine which block is
given agency during each step. This allows us to
retain the linguistic variability of the dataset while
overcoming the mismatch in task setup. The states
are discretized to a 13⇥ 13 map and the instructions
are lemmatized.

Performance on the modified ISI dataset is re-
ported in Table 4 and representative visualizations
are shown in Figure 9. Our model outperforms both
baselines by a greater margin in policy quality than
on our own dataset.

Misra et al. (2017) also use this dataset and report
results in part by determining the minimum distance
between an agent and a goal during an evaluation
lasting N steps. This evaluation metric is therefore
dependent on this timeout parameter N . Because we
discretized the state space so as to be able to repre-
sent it as a grid of embeddings, the notion of a single
step has been changed and direct comparison limited

to N steps is ill-defined.6 Hence, due to modifica-
tions in the task setup, we cannot compare directly
to the results in Misra et al. (2017).

Understanding grounding evaluation An inter-
esting finding in our analysis was that the difficulty
of the language interpretation task is a function of
the stage in task execution (Figure 9(d)). In the ISI
Language Grounding set (Bisk et al., 2016), each
individual instruction (describing where to move a
particular block) is a subgoal in a larger task (such
as constructing a circle with all of the blocks). The
value maps predicted for subgoals occurring later in
a task are more accurate than those occurring early
in the task. It is likely that the language plays a less
crucial role in specifying the subgoal position in the

6When a model is available and the states are not over-
whelmingly high-dimensional, policy quality is a useful metric
that is independent of this type of parameter. As such, it is our
default metric here. However, estimating policy quality for en-
vironments substantially larger than those investigated here is a
challenge in itself.

Clear the columns, 
then the row



Natural language subgoals

Solve the puzzle.

Clear out the right half of 
the puzzle. Clear the remaining blocks.

Remove all the long columns. Clear a row. Clear a column.



Conclusions

Instruction following ⇒ other tasks
Language generation, machine teaching,  
structured exploration

Challenges
Better data efficiency, smarter inference

Instruction following ⇔ policy learning
But need to think carefully about state tracking,  
planning, compositionality
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