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Abstract

We present Symbiote, an embodied home assistant that maps images from its
camera into objects and rooms, builds geometric semantic maps, parses human
instructions and conversations into user intents and their arguments, explores
in a goal-directed way to find relevant objects (if not present in the map) and
executes the inferred actions plans using its navigation and manipulation policies,
and/or ask questions to clarify intents and arguments. Our main contribution is
a hybrid approach to the semantic parsing of user instructions and their mapping
to suitable action routines. We propose a text-to-text neural encoder-decoder
language parsing model that maps user instructions to sequences of simplified
utterances. The generated utterances are then mapped to parameterized action
primitives to execute by a rule-based parser. Our neural parser benefits from large-
scale text-to-text unsupervised language pre-training, and our rule-based parser
effectively covers the domain of simplified single-step instructions that our neural
model generates. Training our neural parser to map language utterances directly to
parameterized action programs would not work as the output space would be much
outside the text domain that the neural model has been pre-trained on. We present
ablations and evaluations of different modules of our agent. We discuss our failure
models which are mostly related to a lack of accurate referential object instance
grounding, instruction parsing, and perception failures. We outline current and
future experiments and research directions in the realms of open-vocabulary spatio-
temporal 2D and 3D perception, memory-augmented vision-language parsing
networks to handle continual learning without forgetting, and fast and few-shot
learning during deployment and interaction with human users. We also discuss our
present conversational strategies and how we plan to make them more creative and
engaging for the user.

1 Introduction

Our SimBot, called Symbiote, is an embodied home assistant that moves in the environment, parses
images from its camera into objects, parts, and rooms, builds geometric semantic maps, parses human
instructions and conversations into user intents and their arguments, explores in a goal-directed way to
find relevant objects (if not present in the map), execute the inferred actions plans using its navigation
and manipulation policies, and/or ask questions to clarify intents and arguments. Our agent consists
of four main modules: a semantic parsing module whose aim is to map human instructions and
directions into programs over parametrized action primitives, a perception module responsible for
detecting objects in the scene and differentiating between different instances of the same object class
using information from the instruction (like object color), a mapping and planning module which
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builds an explicit semantic map of objects that the agent sees during its navigation and an object
search policy module which is responsible for utilizing the perception and mapping modules to find
instruction-relevant objects in the environment.

Prior methods in language semantic parsing typically rely on either rule-based parsers (66516951375 165)
or end-to-end deep learning-based parsers(8; 225 [68). Rule-based parsers typically achieve great
performance in a narrow domain of structured language utterances but fail when faced with natural
language instructions. Neural parsers effectively handle natural language instructions in their training
distribution but their performance suffers outside the training distribution. We propose a hybrid
approach to language parsing that combines the capabilities of rule-based and learning-based parsers,
exploits large-scale unsupervised language pre-training, and achieves reliable and generalizable
instruction-to-action mapping.

We equip our agent with spatial object memory and maintain a 2D semantic map of the environment
that keeps track of all objects that the agent has detected during task executions in the environment.
This enables faster object search, especially in cases when the agent needs to interact with an object
that it may have seen earlier while executing a different task. Our search policy is hierarchical and
efficient — it iteratively searches for objects within its current panoramic view and semantic object
memory. It resorts to an exhaustive search of the environment for objects it has not seen before.

We test our method on the recently proposed Alexa Arena Benchmark (27). We show that our model
achieves strong task execution accuracy. We further ablate its design choices, namely the hybrid
parsing model and semantic object memory, and show each one contributes to performance.

Contributions In summary, the contributions of our work are as follows:

* We propose a modular instruction following agent architecture that can execute language
instructions efficiently and robustly in its environment.

* We propose a hybrid approach to semantic parsing of language instructions that combines
the strengths of rule-based parsers and large-scale text-to-text language models.

* We design a mapping and planning component that imparts a spatial object memory to
facilitate and accelerate object search.

* We perform various ablations and experiments to study the effect of each of our proposed
design components.

2 Model design and architecture

Symbiote’s architecture is shown in Figure{I] Given a verbal instruction from the user, First, we
convert verbal user instructions to language utterances using Automatic Speech Recognition from
Amazon Alexa. Then, our semantic parser maps the language utterance to a sequence of low-level
paramertized actions, which include searching for an object in the environment, interacting with an
object in the environment, or interacting with a user in natural language, to ask for help. We describe
each component in more detail right below.

2.1 Semantic parsing using rules and neural networks

Our semantic parser maps language instructions to instantiations of various low-level actions and their
arguments (for eg. GoTo, Move Forward, Move Backward, Rotate Right, Rotate Left, Look Down,
Look Up, Look Around). Our parser is a hybrid between a rule-based approach and an end-to-end
trained parsing approach. The rule-based method provides a set of predefined rules for interpreting
the language input, while the neural parsing method learns from examples to map language utterances
to sequences of simple structured utterances.

Rule-Based instruction parsing: We define a set of rules that map a language utterance to a set
of low-level actions. The rule-based parser should only retain the relevant instructions and discard
any irrelevant or inappropriate content, such as profanity or advice on topics outside the scope of
our robot (for example advice on investing). Given a language utterance, we first use a profanity
and relevancy checker from AllenNLP (28)) to filter out only the relevant instructions. Next, we
break down a composite instruction sentence into simpler utterances by breaking the sentence on
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Figure 1: Embodied Symbiotic Assistants that See, Act, Infer and Chat. Our system predicts low-
level navigation and interaction routines given a panoramic image around the agent and a language
instruction. We use a hybrid instruction parser, that uses a large-scale pretrained and finetuned
text-to-text model (54) to map a complex utterance to a sequence of simplified utterances. Then,
a rule based parser maps each one to a parametrized action that the agent can execute. The agent
maintains an object memory map and uses search policies to locate the object of interest in the
environment. In case of ambiguity or failure during execution, our system seek assistance from the
user by asking relevant questions.
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"Bring the apple to the Color Changer in Quantum Lab, and put it on
top of the Color Changer, then press the green button.”

{"go to apple"; "pick up apple"; "go to quantum lab"; "go to color
changer"; "put apple on color changer"; "press green button"}

Figure 2: Our neural semantic parser architecture. Our neural parser maps complex human
instructions to a sequence of structured utterances, that are converted into action commands using our
rule-based parser. Our neural parser is an encoder decoder architecture, that first featurizes words of
the input utterance with multiple self-attention layers over word tokens, and then generates the output
sentence by attending to the encoded input and the already generated output, token by token.

conjunctions like “and", “then" etc. We apply co-reference resolution following AllenNLP (28) to



resolve the pronoun co-references in the utterances. Finally, we do token pattern matching which
map each simple sentence to a sequence of low-level parametrized actions.

Visual conditioning for instruction interpretation The utterances used as input for parsing are
obtained from Amazon Alexa’s ASR techniques and can be very noisy. Furthermore, human users
oftentimes provide incomplete or ambiguous instructions, e.g., “Place the cup" which misses the
information about the receptacle to place the object on. To deal with such cases, we utilize the robot’s
visual scene context. Concretely, we consider all objects detected in the agent’s egocentric view and
use affordability common sense reasoning to complete the missing information and suggest plausible
arguments for our action routines. In the above example, if there is a table in our agent’s view, the
parser would generate a low-level command to place the cup on the table. If a given instruction does
not syntactically match with any of the rules, we resort to our neural semantic parser.

Neural instruction parsing: Our neural semantic parser is an encoder-decoder model based on the
TS5 architecture (54), we show its architecture in Figure[J] It takes as input a language utterance which
can be either a simple or multi-task complex instruction, encodes it via its language encoder, and
predicts a sequence of simpler utterances that can be easily parsed by our rule-based parser, as shown
in Figure[2] We start from the publically available weights from HugginFace (75) and fine-tune it on
the instruction-annotation pairs from Amazon Alexa arena benchmark (27). To enable the model to
parse multiple instructions simultaneously, we use augmentations such as randomly selecting two or
more instructions and combining them using punctuations such as full stop, comma, or words like
and’ and "then’. Furthermore, we enhance the model’s robustness by occasionally replacing words
with their synonyms. Our neural parser benefits from large-scale text-to-text unsupervised language
pre-training. Training our neural parser to map language utterances directly to parameterized action
programs would not work as the output space would be much outside the text domain that the neural
model has been pre-trained on.

2.2 Semantic mapping and planning

Our agent navigates in the home environment and builds semantic geometrically-consistent spatial
maps of the environment in 2D (overhead view) (15 56). The maps keep track of previously seen
objects and guide exploration to objects of interest. Specifically, we maintain a spatial visual map of
the environment that is updated at each time step from the input RGB-D stream, similar to previous
works (57). Within the map, we maintain an object memory as a list of 3D object detection centroids
and their predicted semantic category labels = {[(X,Y, Z);,¢; € {1...M}],i =1... N}, where
N is the number of objects detected thus far and M is the number of semantic classes (M = 85
in our case). We detect objects from semantic object categories in each input RGB image using
the Mask-RCNN object detector (33)), pre-trained on the MS-COCO datasets (47) and finetuned
on images from the training scenes. We obtain 3D object centroids by masking the depth image
using detected 2D segmentation masks and orienting the centroid to the coordinate of the map using
agent ego-motion. We use non-maximal suppression via Euclidean distance thresholding to remove
duplicate objects in our memory.

The Alexa Arena platform (27) we evaluate our system on simplifies navigation by allowing the robot
to navigate directly to a viewpoint in a room by specifying the viewpoint or room name, or to an
object by specifying the object mask. Alternatively, the robot can perform step-by-step navigation
using local primitive actions such as MoveForward, MoveBackward, and Rotate. These actions can
take granular inputs as arguments to enable fine-grained control. Additionally, the platform supports a
special lookAround action that provides panoramic images to help the robot perceive its surroundings
and navigate to objects in its vicinity. While our system does not currently use its full mapping and
planning module for indoor navigation due to the simplified navigation setting, our prior work (56)
demonstrates its potential for indoor navigation in more realistic settings.

2.3 Object Search Policy

We utilize the semantic map that our agent builds for efficient object search. Concretely, when the
user instructs us to manipulate a specific object, for instance “cup", we first check if it is visible
in our panoramic view. If it is visible, we directly navigate to it. However, if it is not visible, we
check whether any object with label “cup" exists in our semantic map — which is likely to be there
if the agent saw it in some previous time step. When the object exists in our semantic map, we



directly navigate to it. The users also have the choice to ask us to locate a different instance of the
object, if they wish to do so. If the object is not even present in our map, we perform a frontier-based
exploration in the current room and finally in the whole environment until we find the thing (or
max step exceeds). This design makes our search very reliable and time-efficient. When we come
across multiple instances of an object, we distinguish between them by examining certain visual
characteristics such as color, if they are specified in the language instructions. In addition, we employ
the "highlight" feature to repeatedly ask the user and confirm whether the instance they wish to
engage with has been identified.

2.4 Error Detection and Dialogue Strategies

Our model can detect and recover from failed interaction or navigation actions. We employ various
strategies to achieve this goal, including automated recovery and human intervention via dialogue.
Below, we outline different failure and recovery modes.

* Object too far for interaction: One example of a failure-detection-and-recovery strategy is
for cases where the target object is too far away from the agent to interact with it. Our agent
must be within 2 meters of the object to interact with it successfully. If a user attempts to
interact with an object that is out of range, our system detects this and initiates navigation
actions to move the agent closer to the object.

* Proactive Correction Strategy for Out of Vocabulary Object Names in Language
Instruction: Occasionally, the language instruction may contain object names that are not
recognized by our object detector. This can occur when a user mentions a new object or
when the Automatic Speech Recognition (ASR) system has made a mistake. We then check
the objects in the current view and use affordability reasoning to identify objects that could
match the user’s intended interaction. For instance, if the instruction is to pour, we filter out
only pourable objects such as milk cans and glasses. Next, we ask the user for clarification
by saying, “I didn’t fully understand. Could you please specify which object you wanted to
pour from? The milk can or the glass?" To perform affordability reasoning, we maintain a
catalog of affordable actions for every object in our vocabulary. We further plan to address
the out-of-vocabulary error modes by considering an open-vocabulary object detector, such
as the one developed in our previous work (40), as we describe in Section 3]

¢ Leveraging Sticky Notes for Task Completion in the Alexa Arena Platform: The Alexa
Arena Platform (27) employs "sticky notes" placed throughout the environment to aid the
user in completing the task. In case of command failures, such as encountering an obstacle
preventing our agent from approaching the target object, we prompt the user to read the
sticky notes, if any are visible within our agent’s egocentric view. The prompt would be,
"Something is blocking my way. Let’s check what the sticky notes say." This approach helps
even novice users who may be unfamiliar with sticky note usage to benefit from the hints
and improve their chances of accomplishing the task.

¢ Handling Preconditions for Successful Interactions: Sometimes, users interact with
objects without fulfilling the necessary preconditions for successful interaction. For instance,
a user may attempt to pick up an object while the agent is already holding another object. In
such cases, we prompt the user with a message such as, “I am already holding something.
Please, let’s put it down somewhere before picking up a new object." Other instances include
trying to place an object inside a closed receptacle without first opening it or attempting to
place an object without first picking it up. In such cases, we prompt the user to perform the
necessary actions before continuing with the interaction.

3 Datasets

We utilize publicly available data from Alexa Arena Benchmark (27)) to train our neural semantic
parser and object detection models. The benchmark includes ground-truth action trajectories for over
3.5k game missions, each paired with robot view images and three sets of language instructions. For
each set of instructions, there are also two sets of questions and answers collected. Additionally,
synthetic language instructions are provided for each action trajectory.



To train our neural parser, we extract the language instruction-template instruction pair and fine-tune
a pre-trained TS5 (54) checkpoint on this data, mapping human language instructions to synthetic
language instructions. At test time, the neural parser maps natural language instructions to struc-
tured language utterances, which are then parsed by our rule-based parser into parametrized action
commands that can be executed in the environment.

In addition to the language annotations, we also use the labeled object detection dataset from
Alexa-Arena to train our Mask-RCNN (35)) model for object detection.

For our submission to the eval.ai server, we use the latest Alexa Arena build.

4 Evaluation results and ablations

Our experiments aim to answer the following questions:

* How does our hybrid parser compare to a rule-based alone parser or a neural learning-based
alone parser?

* Does our mapping and planning module make object search more efficient?

Metrics We evaluate our model and its variants of our model on the following metrics: a) Goal
Completion, (higher is better) which measures the model’s ability to complete all subtasks of a game;
b) Execution Time, (lower is better) which refers to the time taken by the agent to complete the
game; and c) Execution Steps, (lower is better) which refers to the number of steps taken by the
agent to complete the game.

Analysis: Our analysis of various model variants on 10 game trials in the online play of Amazon
Alexa Arena Benchmark (27) is presented in Table{I] We observe that the performance of our model
drops to 80% without the rule-based parser and to 90% without the end-to-end parser. This suggests
that our hybrid design of rule-based and end-to-end parser yields the best performance. While
removing mapping and planning does not decrease performance, it significantly increases execution
time and execution steps. This is because without mapping and planning, the agent would resort to
exhaustive object search, which would eventually find the object but would result in longer execution
times.

Method Goal Completion Execution Time Execution Steps
Symbiote 100% 268 14.6
Symbiote w/o rule-based parser 80% 470 222
Symbiote w/o end-to-end parser 90% 272 14.8
Symbiote w/o mapping and planning 100% 284 15.8

Table 1: Ablations of Symbiote on 10 trials

We further evaluate our neural parser alone on the validation set of Alexa Arena Benchmark (27) for
the exact match metric i.e. if our predicted program matches token by token with the ground truth
program. Our neural parser achieves 87% accuracy in the validation set.

4.1 Failure modes - Limitations

We visualize some of our failure modes in Figure[3] Our current system has the following main error
modes:

* Object instance referential resolution. One of the key challenges our model faces is
resolving references to multiple instances of the same object category in a scene. Currently,
we rely solely on color hints from the instruction or the use of the highlight function to
address this issue. To handle more complex referential grounding instructions, we plan to
explore the incorporation of a referential language vision-language grounding model, such
as our previous work (40), in combination with our semantic parser. This is an important
area for future research that we intend to pursue.

* Perception failures. Our perception relies on a per-frame R-CNN visual detector, which
has the following limitations:
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Figure 3: Failure modes of Symbiote. 7op: The output of our per-frame object detector varies across
different viewpoints, which results in failure to detect an object in certain views. Bottom: We cannot
presently distinguish among object instances of the same category (in this case, a computer) that are
not referred to based on their color. Using an open vocabulary referential expression grounding, such
as the one presented in our recent work (40), would address this limitation.

— Detections jitter across frames (the detector fails to detect or erroneously detects objects
in some frames) due to lack of spatio-temporal information integration.

— The detector only provides semantics at a specific level of granularity, and cannot
provide finer perceptual details required in some tasks, e.g., chair, pot, drawer or door
handles, centers of coffee tables, keys of keyboards, etc.. Each task has a different set
of perceptual entities, that our perception system should be able to localize in the scene,
as well as flexibly expand its vocabulary. Right now, a fixed set of object category
labels are being used.

* Semantic parsing failures. Our hybrid semantic parser sometimes fails to parse the input
utterances, due to utterance complexity. More training data as well as more flexible API
from our parser to our executor are important avenues of future experimentation.

* Rule-based conversational interaction. Our conducted conversations are not very interest-
ing or creative, they are dictated by a rule-based logic. Interfacing our embodied perceptual
agent with language models for more creative generation or paraphrasing of structured
grounded questions or responses, would be useful avenues of future work.

¢ Coarse “common sense'' core knowledge in language parsing and perception. Our
system has some basic common sense regarding what objects can be paired with what



actions, e.g., a cup can be placed on a table. To improve our embodied agent further, we
need to go beyond symbolic common sense of object categories, and incorporate common
sense regarding fine-grained object affordances. This would also help our semantic parser to
fill in missing information in interpreting ambiguous user instructions.

S Future Work and Planned Experiments

Our future work is directly related to the failure modes we outlined in Section .1} Our vision
for our Symbiote agent is the incorporation of referential object grounding and open vocabulary
spatio-temporal perception, as well as the development of continual learning and few-shot learning
capabilities, detailed in the following pillars:

1. Our SimBot should continually improve its ability to see and parse the visual environment
during deployment time, guided by self-supervised learning and active perception, as well
as interactions with and guidance from human users.

2. Our agent should continually expand the language domain it can effectively parse, understand
and execute by building concept, action, and model abstractions, that can be indexed
later with natural language, as well as using supervised instruction and scene-to-program
pairs when needed. In this way, the human user can directly refer to previously taught
procedures, while abstracting away from the details, e.g., “prepare the dinner table as I
taught you yesterday", or “these are my favorite tiny marble collection". Macro-actions
will be built over other macro-actions, and in this way, our agent can plan and reason in
coarser granularities, which is critical for effective search and reasoning over longer courses
of action. Continual language understanding requires common sense knowledge acquisition
regarding the environment, objects, and affordances. Our agent should use fine-grained
models of how the world works to fill in missing information during semantic parsing of
human instructions and conversations, and check user’s commands that may cause dangerous
or undesired outcomes. For example, when SimBot is asked to “empty the soup bowl in the
pot", the SimBot should be able to predict using its world models possible problems and
raise relevant questions, e.g., if appropriate “Are you sure? It may overflow".

3. Our SimBot should default to the generic “I do not know what to do" as rarely as possible, and
instead display to the human user an informative set of alternatives to choose from, alongside
being open to a completely new course of actions. E.g., “would you like espresso, latte,
americano, or something else?". This helps create a transparent and engaging interactive
experience.

To be able to develop the above capabilities, we have been exploring two main research thrusts:

* Open-vocabulary spatio-temporal 2D and 3D perception and open vocabulary language
grounding.

* Memory-augmented neural network architectures for fine-grained commons sense learning
grounded language understanding.

We detail these research thrusts right below.

Open vocabulary 2D-3D and spatio-temporal perception The effectiveness of home assistants
critically depends on their ability to accurately parse the visual scene. There has been tremendous
progress on single image visual understanding, fueled by large-scale 2D image-caption datasets and
object annotation datasets (48;159). An embodied agent needs to understand a scene from a sequence
of frames some of which may have better visibility and object detectability than others. We are
exploring methods and architectures that build upon state-of-the-art open-vocabulary single frame
detectors (83) and state-of-the-art label propagation methods (19) to generate stable spatio-temporal
trackelts for any detectable object in the video, at any frame. We are experimenting with the estimation
of camera motion and whether it helps with such temporal propagation of detection responses. We
are further building upon our previous works (34; [33;167) to propose neural architectures that can
seamlessly process single-frame, multi-frame posed or unposed sets of images, to fuse features across
them and predict object detections that are more accurate than using each frame in isolation. We
believe these efforts will result in open-vocabulary detections and referential grounding, stable in
space and time, that will be very useful for our Symbiote agent.



Memory retrieval and analogy as knowledge representation The dominant paradigm in today’s
deep visual and language learning is to train high-capacity networks to map visual and language
input to output language or visual target labels (135/12). There has been a trend towards pushing the
capacity of these models to the limit (79), and training them in very large-scale datasets, with the
recent Microsoft multi-modal learner (70) having 1.9 billion parameters. Scaling up tremendously
improves numbers on established benchmarks. These models have been criticized for acquiring
a superficial understanding of language, predicting non-consistent statements, and showing brittle
performance, especially out of the training distribution (10). We conjecture that the brittleness
of modern deep networks is due to their lack of explicit representations of world common sense
knowledge regarding stereotypical objects, object arrangements, scenes, rooms, actions, and events.
Indeed, all domain knowledge is implicitly encoded in the model weights. As a result, networks are
not conscious of missing entities in the sensory stream, for example, they do not get surprised about
a chair with two legs, a car without doors, or a bottle without an opening, because they only build
implicit priors about how the world looks and works. In order to infer variations or anomalies,
the stereotypical situation needs to be explicitly modeled. We believe that the lack of explicit
representation of the visuomotor structure of the world in a way that can be easily retrieved and
used to perceive, act, and predict the future is a central missing piece in today’s deep learning and
embodied Al research.

To address the above limitation, and support the learning capabilities of the next generation of
intelligent vision-language embodied learning systems, we are exploring an analogical framework
for knowledge representation, perception, and language grounding that encodes domain knowledge
explicitly, in a collection of structured sensory experiences at different levels of spatial and
temporal abstraction, in addition to implicitly, as network parameters. In our recent work TIDEE
(56) we presented an agent equipped with a memory of object arrangements that it uses to predict
out-of-place objects and plausible object re-locations, for tidying up novel scenes, relying on its own
perception and action routines. In our recent work Analogy-forming transformers (29), we build
network architectures equipped with external memory that learn mainly self-supervised to predict
alignment between two 3D scenes. We will build and extensively innovate over these works to
develop an analogical framework for grounded language understanding that can support continual
and few-shot learning. Memories are perceptual experiences in space and time, labeled with related
symbols of objects, object parts, object trajectories, state changes, descriptions, and captions.Each
memory experience is encoded as a spatio-temporal graph of perceptual entities alongside their
symbols (roles, attributes, objects, and action labels). Each entity in each level is represented by a
learnable latent feature embedding, produced by memory encoding. During retrieval, the network
retrieves complete entity graphs from incomplete partial sensory observations, and uses them to
modulate perceptual inference in order to localize objects and actions, predict possible future and past
completions, evaluate counterfactuals, ground referential, answer questions, and follow instructions.
Each memory or set of memories operates as an “expert” model abstraction that modulates model
inference in order to explain and complete a particular family of sensory inputs. In this way, the world
state permits a multitude of representations, depending on retrieved memories and their structure. The
system learns “fast" from a single example (42;|53) by simply storing it, and thus can learn continually
without requiring i.i.d. examples shown all at once. Knowledge will be updated over time by updating
the memory experience graphs. Each memory is further annotated with a relevant instruction or
description. This means that language features will be used for retrieving related situations and
better resolving to parse users’ instructions. RETRO (1) already has shown that explicit memory is
beneficial for text-to-text, language-related tasks. We wish to explore this capability for grounded
language understanding and instruction following visually grounded agents.

6 Related work

Semantic Parsing of natural language instructions Semantic parsers map language utterances to
formal representations of their meaning (815 182; 46). Existing learning algorithms have primarily
focused on building actionable meaning representations, e.g., for querying a knowledge base (KB)
(9), instructing a robot to navigate in its environment (49), or programming a new functionality on a
personal agent or device (4). Semantic parsers have mostly been highly domain-specific, and heavily
utilize domain restrictions to resolve ambiguities (71). A variety of models for semantic parsing have
been proposed, such as query-graph construction that learns to anchor to the right entity in a KB
and guide parsing by proposing constraints and predicates (78)), sequence-to-sequence models with



attention (5} 41)), key-variable memory networks that learn to save and re-use intermediate results
(45), tree-structured models that condition on syntactic structure (64)) or jointly predict it along with
semantic parsing (63} 44), and recurrent neural network features for labeling semantic roles of verbs
(84).

The main bottleneck in scaling up semantic parsing is annotating ground-truth logical forms that
represent the meaning of utterances (39)). Due to their end-to-end nature, parsing models must be
relearned for each new target application (71). Many works have developed methods to reduce such
annotation efforts. For example, some works use reinforcement learning guided by the result of the
execution of the predicted logical form (45;3). However, recent fully supervised methods (38; 4 1)
greatly outperform their unsupervised equivalents. Other works use binary (correct/incorrect) human
feedback signals (20), grammars for sampling canonical utterances and their paired logical forms,
and paraphrasing utterances through crowdsourcing (71)), active learning for selectively annotating
difficult or incorrect examples (39), or NL question-answering for extracting the basic semantic
roles by non-expert workers (36) in place of logical form annotations that require expertise. The
meaning of an NL utterance can often be understood as a small program to execute in a particular
context (3). In that respect, it is similar to program induction the problem of specifying a program
using supervision from input/output pairs of its desired behavior. Models for program induction and
semantic parsing are divided between neural models that learn to output the program structure directly
(51), and approaches that use neural features to better guide a domain-specific search strategy (6).

The seminal T5 (54)) work cast many tasks, including semantic parsing, as a text-to-text mapping.
Since then, many neural approaches, including neural semantic parsers, follow a pre-train-then-
finetune strategy, in which the model is first pre-trained on self-supervised tasks like language
modeling or masked autoencoding, and then fine-tuned for the downstream task in a supervised
fashion. End-to-end models tend to be less brittle than rule-based parsing modules and generalize
better to variations in natural language. However, rule-based parsers still work extremely well in
narrow domains, especially if engineered well. In this work, we propose a hybrid approach that
combines rule-based and end-to-end parsing models to achieve the best of both worlds.

Embodied AI. The development of learning-based embodied Al agents has made significant
progress across a wide variety of tasks, including: scene rearrangement (26; [72; [7)), object-goal
navigation (15[77;76;116; 315 14), point-goal navigation (151587451555 31)), scene exploration (185/15)),
embodied question answering (30; [21)), instructional navigation (2;|61), object manipulation (23}
80), home task completion with explicit instructions (615 [50; [62)), active visual learning (17; 245
32; [73), and collaborative task completion with agent-human conversations (52). While these
works have driven much progress in embodied Al, ours is the first agent to tackle the task of
tidying up rooms, which requires commonsense reasoning about whether or not an object is out
of place, and inferring where it belongs in the context of the room. Progress in embodied Al has
been accelerated tremendously through the availability of high visual fidelity simulators, such as,
Habitat (58)), GibsonWorld (60), ThreeDWorld (25)), AI2THOR (43) and recently released Alexa
Arena Benchmark (27). Our work builds upon Alexa Arena by relying on the (approximate) dynamic
manipulation the simulator enables for indoor scenes.
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