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Abstract

Our goal is to enable a robot to learn how to sequence its
actions to perform high-level tasks specified as natural
language instructions, given successful demonstrations
from a human partner. Our novel neuro-symbolic so-
lution GOALNET builds an iterative two-step approach
that interleaves (i) inferring next subgoal predicate im-
plied by the language instruction, for a given world
state, and (ii) synthesizing a feasible subgoal-reaching
plan from that state. The agent executes the plan, and
the two steps are repeated. GOALNET combines (i)
learning, where dense representations are acquired for
language instruction and the world state via a neu-
ral network prediction model, enabling generalization
to novel settings and (ii) planning, where the cause-
effect modeling by a classical planner eschews irrele-
vant predicates, facilitating multi-stage decision mak-
ing in large domains. GOALNET obtains 78% improve-
ment in the goal reaching rate in comparison to sev-
eral state-of-the-art approaches on benchmark data with
multi-stage instructions. Further, GOALNET can gener-
alize to novel instructions for scenes with unseen ob-
jects. Source code available at https://github.
com/reail-iitd/goalnet .

1 Introduction
Robots may be placed in scenarios where they learn from hu-
mans on how to perform tasks. Hence, they must possess the
ability to understand high-level task specifications, commu-
nicated in natural language (NL) by humans, and success-
fully generate goal-reaching plans, possibly in novel envi-
ronments. A popular paradigm for training a robot is imita-
tion learning, wherein models are trained directly from such
demonstrations (Tuli et al. 2022; Mei, Bansal, and Walter
2016; Suhr and Artzi 2018). However, prior work highlights
that such methods tend to lack the ability to scale with envi-
ronment complexity (Misra et al. 2018).

On the other hand, symbolic planners allow us to scale
well, while circumventing the challenges posed by side-
effect or irrelevant predicates (Misra et al. 2018). However,
planners need symbolic goal predicates and cannot directly
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Figure 1: GOALNET infers goal predicates (red), which are for-
warded to a classical planner (blue) and actions are executed in a
simulator (green) to reach a goal state.

take NL instructions as input. We can decompose the prob-
lem into first predicting the final goal predicates and using
them to generate actions via a planner. This will entail train-
ing a model to output intended goal predicates for a given
NL instruction. Preliminary experiments show that this ap-
proach faces limitations. First, the hypothesis space of con-
junctive goals is exponential (powerset of all predicates).
Second, irrelevant predicates or side-effects in demonstrated
plans can lead to inaccurate predictions. Finally, there may
be stochasticity or erroneous plan executions that may not
exactly lead to the intended goal state.

In response, we propose an interleaved strategy (see
Fig. 1). Here, a neuro-symbolic model, namely GOALNET,
predicts a subgoal predicate (one each for positive and neg-
ative) from the current world state, which is forwarded to a
classical planner that outputs a sequence of actions. The plan
is executed to obtain the next world state. This is repeated
iteratively till the final goal state is reached. GOALNET’s ar-
chitecture has several benefits: prediction of single subgoals
reduces hypothesis space, prediction of intermediate goals
makes it more robust to side-effects, and interleaving allows
the model to recover from execution errors and earlier mis-
takes in subgoal prediction. Furthermore, to handle scenes
with unseen objects, we extend GOALNET to be agnostic to
the object set in the world state – we call this GOALNET*.

We experiment on a benchmark dataset by Misra et al.
(2015) collected from a mobile manipulator in a kitchen or
living-room environment possessing a rich set multi-stage
interactions. Our evaluation shows that the interleaved ar-
chitecture of GOALNET outperforms state-of-the-art meth-
ods that use (i) a non-neural subgoal predictor with a similar
interleaving, (ii) a conjunctive goal predictor without inter-
leaving, and (iii) a pure imitation learner. Our results demon-
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strate a significant improvement in the task completion rate
of at least 77.8% compared to our baselines. Further, GOAL-
NET and GOALNET* outperform baselines by giving up to
1.36 times higher task completion rate in settings with un-
seen objects and novel paraphrased instructions.

2 Related Work
Robot instruction following (also called language ground-
ing) considers the task of synthesizing a context-dependent
robot plan from varied natural language instructions from a
human partner. These approaches learn an association be-
tween language constructs and an action specification for
the robot to execute. For example, Tellex et al. (2011) maps
verbs in instructions to robot trajectories where as Paul et al.
(2018) infer motion constraints from manipulation instruc-
tions. These approaches require explicit supervision for lin-
guistic phrases in terms of robot actions; often requiring ex-
pert annotators. Note that, unlike semantic parsing, this work
does not consider the presence of instruction annotations
with precise logical forms, which is the case in standard se-
mantic parsers such as SEMPRE (Berant et al. 2013).

Alternative approaches leverage human demonstrations to
learn a model for translating language to plans. Boularias
et al. (2015) use Inverse RL to infer a latent reward func-
tion for an instruction from human labelled trajectories of
navigation. Liao et al. (2019); Tuli et al. (2021) propose an
object-centric model of the world to inferring plans involv-
ing rich agent-object interactions. Branavan et al. (2012);
Misra et al. (2016) learn symbolic plan strategies from tex-
tual plan descriptions, incorporating a classical planner to
assess goal reach-ability in order to score candidate plans.
(Silver et al. 2022) learns action operators grounded in the
continuous action space allowing reasoning over the metric
space. Such approaches have been successful in grounding
instructions amenable to direct translation to short-horizon
robot plans. In contrast, this work assumes access to low-
level skills and focuses on inferring multi-step plans with
rich inter-object interactions; particularly in novel scenes.

Within classical planning, works such as (Sebastia, On-
aindia, and Marzal 2006) discover sub-goals for a com-
plex planning problem by analyzing negative/positive in-
teractions. Further, Lipovetzky and Geffner (2012) intro-
duce a notion of planning width to characterize the com-
plexity of planning problems. In this work, we adopt a
learning-to-plan paradigm that leverages demonstrations to
learn which sub-goals are important for goal reach-ability.
Further, the iterative planning and execution approach al-
lows goal-attainment even in problems with higher width.

Others factorize the problem of interpreting plans from
language instructions as that of inferring a goal specifica-
tion (Meneguzzi and Pereira 2021) and delegate the task of
determining action sequences to a planner. Lesh and Etzioni
(1995) introduced a goal recognizer that observes human ac-
tions to prune inconsistent actions or goals from an input
graph state. Dragan et al. (2015) present a robot motion plan-
ner that generate legible plans using human-robot collabora-
tion by uncovering latent goals from a task demonstration.
She and Chai (2016) use linguistic and environment fea-
tures to induce a hypothesis set of goal predicates that can be

handed to a planner. hese approaches have demonstrated the
ability to infer goals in small-sized domains (grid-world like
domains) and their scalability to large environments with re-
alistic interactions is limited. The reliance on hand-crafted
features limits generalization to novel scenes and phrases.

3 Problem Formulation
Robot and Environment Models. We are interested in
robots that have the ability to navigate domains and ma-
nipulate multiple objects in natural confined environments
such as a kitchen or living room. We consider objects
as symbolic entities that consist of (i) identifying tokens
such as “apple”, “stove” and “pillow”, (ii) object states
such as Open=Closed, On=O� , and (iii) properties such
as IsSurface, IsContainer, IsGraspable, etc. Relations be-
tween object pairs are also present, such as OnTop, Near,
Inside and ConnectedTo. Let s denote the world state – it
has symbolic objects O(s) including their identifiers, states
and properties. We denote the set of spatial-relation predi-
cates and object state predicates by S. Let R(s) denote the
set of object relations in s. A state variable r 2 R(s) is
denoted by R(o1; o2) that represents a relation predicate of
type R 2 S between objects o1 2 O(s) and o2 2 O(s),
or as R(o1) in case of r being an object state, for example
OnTop(pillow0; shelf0), ConnectedTo(fork0; robot) and
stateIsOpen(tap0). Let s0 denote the initial state.
Action and Transition Models. We denote the set of all
possible symbolic actions by A. An action a 2 A is rep-
resented in its symbolic form as I(o1) or I(o1; o2) where
the interaction (action predicate) I 2 I affects the state
or the relation between o1 and o2. Examples of interactions
in I include Grasp, MoveTo, stateOn, and PlaceOn. In-
teraction effects are considered to be deterministic. For in-
stance, a stateOn action applies to an IsTurnable object,
such as a tap, to swap its state between On and O� . Sim-
ilarly, a PlaceOn(pillow0; couch0) action establishes the
OnTop(pillow0; couch0) relation. Interactions are also as-
sociated with pre-conditions in the form of relations or prop-
erties. For instance, PlaceOn is allowed only when the ob-
ject has a grasped relation with the agent. For more details
see Appendix
Instructions and Goals. Given an initial state of the en-
vironment s0 and transition model T , the robot needs to
perform a task expressed as a natural language instruction
l – it is encoded in the form of a sequence hl0; : : : ; lzi
where each element is a word token. Each instruction l is
assumed to represent a goal, expressed as conjunctions over
state variables (relations/object states). Based on which vari-
ables should be present or absent in the final goal state,
we split them into two sets, �+

l (positive) and ��l (nega-
tive). For a successful execution, the final goal state must
have all state variables from �+

l , and none from ��l . For
example, for the input state s with a pillow on the shelf
and another inside a cupboard, the declarative goal, l =
“put the shelf pillow on the couch” can be expressed as
sets of relations �+

l = fOnTop(pillow0; couch0)g and
��l = fOnTop(pillow0; shelf0)g. To successfully execute
an input instruction l from an initial state s0, the agent must



Figure 2:Using a symbolic planner and GOALNET in tandem.

synthesize aplan, as a sequence of actionsha0; : : : ; aT i ,
such that the �nal statesT = T (: : : T (s0; a0) : : : ; aT ) is
a goal state. LetG(s; l) denote thegoal checkfunction that
determines if the intended goall is achieved by a states.

Training Data and Task De�nition. We wish to learn mod-
els through human demonstrations denoted asDTrain of N
goal-reachingtrajectories (tr ), where thei th datum con-
sists of the initial statesi

0, the instructionl i and a trajectory
tr i = hsi

0; ai
0; : : : ; si

T i � 1; ai
T i � 1; si

T i
i that achieves the goal

intended byl i . The task is to train a model, which given an
instructionl and the current state, outputs the next action to
execute towards achieving the goal intended in the instruc-
tion. To facilitate the use of symbolic planners, we also pro-
vide the PDDL description� of the domain .

4 Technical Approach

We design a neuro-symbolic approach where language
grounding is done via a neural module, and planning is done
symbolically. A natural approach is to create a pipeline,
where a neural functionf � (�) outputs the �nal goal as a
conjunction of positive and negative state variables, i.e.,
f � (s0; l ) = h� +

l ; � �
l i . These state variables are then pro-

vided as a goal to a classical plannerP(�), along with the
domain� , which outputs a plan~a. This plan is executed to
reach �nal statesT and success of the model is determined
based on whetherG(sT ; l ) = 1 .

While this pipeline architecture is intuitive, our initial ex-
periments showed it not to be effective. The prediction of
variable-sized sets� l made the learning problem hard, and
a single pipeline added robustness issues in execution, over-
all leading to low task completion rates. In response, we de-
sign a novel architecture GOALNET– the key idea is toin-
terleavenext subgoal prediction, planning and execution. In
particular, subgoal predictorf � outputs a single positive and
negative subgoal variable (instead of two variable-sized con-
junctive sets). I.e.,f � (st ; l ) = h� +

l ; � �
l i . This is provided to

plannerP as the next goal, and the resulting plan~at is exe-
cuted to reach next statest +1 . This state is given tof � for the
next prediction, and the whole process continues iteratively.

Before we describe the design of the subgoal predictor,
we recognize that we ought to postprocessDTrain to make
it suitable as supervision for its input-output characteristics.
For this, given a statesi

t in training trajectoryi , we generate
its target subgoals using a single-step difference over the sets

of variables between the two consecutive states:

ĥ� +
t ; �̂ �

t i = hsi
t +1 n si

t ; si
t n si

t +1 i 8 t < T i ;

ĥ� +
T i

; �̂ �
T i

i = h;; ;i :

The data(si
t ; l i ; ĥ� +

t ; �̂ �
t i ) is used as supervision to trainf � .

If j�̂ +
t j + j�̂ �

t j > 1, we only use one predicate for training as
planner compensates for side effects predicates.

Subgoal Predictor
While, in principle, st is the world state, and has all the
information for planning and subgoal prediction, previous
research has found that explicitly maintaining some his-
tory (in their case, action history) aids model learning (Tuli
et al. 2021). For our subgoal predictor at timet, as addi-
tional input, we provide an explicitsubgoal history: � t =
f (� +

0 ; � �
0 ); : : : ; (� +

t � 1; � �
t � 1)g. I.e.,f � (st ; l; � t ) = h� +

t ; � �
t i .

At a high level (see Fig. 2), the subgoal predictor takes in
the world statest in the form of an object-centric graph. The
object encodings in the state are generated byf state

� (�). The
subgoal history is encoded asf hist

� (�). Next, it attends over
the object encodings conditioned on the input task instruc-
tion via f task

� (�). Finally, the positive and negative subgoals
are decoded autoregressively byf goal

� (�). Overall:

h� +
t ; � �

t i = f � (st ; l; � t ) = f goal
�

�
f task

� (f state
� (st ); l ) ; f hist

� (� t )
�

:

We now describe each components of the subgoal predictor.
World State Encoder.The current world statest is encoded
as an object-centric graphGt = ( O(st ); R(st )) where each
node represents an objecto 2 O (st ). Each relationr 2
R(st ) of the formR(o1; o2) is encoded as a directed edge
from o1 to o2 with predicate asR. To represent the object
states of an objecto, GOALNET generates a binary feature
vectorqo = f 0; 1gu that represents the discrete object states
for each ofu state predicates that includeOpen=Closed,
On=O� , etc. Similarly, it generates a binary feature vector
po = f 0; 1gv that represents the presence of various object
properties (1 if present and 0 otherwise) for each ofv prop-
erties such asisSurfaceandisContainer.

It also incorporates a functionC(�) that generates a dense
vector representation for the input token of an object. For
an objecto, we represent this byeo = C(o) 2 Rw as a
w-dimensional embedding. We assume thatC(o) of seman-
tically similar objects (such as “apple” and “orange”) ap-
pear close, whereas semantically different objects appear far
apart (such as “fork” and “table”) (Mikolov et al. 2018).
Unless stated otherwise, we utilizeConceptNet embed-
dings (Speer, Chin, and Havasi 2019) to facilitate general-
ization to unseen objects (Tuli et al. 2021).

GOALNET concatenates the embeddingsqo, po andeo for
each objecto to form the feature vector that initializes each
node of theGt . The relations of each objecto in the edges
R(st ) are represented as an adjacency vectorr o. This rela-
tional information is �rst encoded using ad-layer Fully Con-
nected Network (FCN) with Parameterized ReLU (PReLU)
(He et al. 2015) activation to generate a relational embed-
ding for each objecto asr d

o . Next, it fuses the semantic and



Figure 3:GOALNET subgoal predictor encodes the world state and NL instruction to attend over objects, and decodes the next subgoals to
send to a symbolic planner. Dashed arrows represent factored score prediction in GOALNET* for generalizing to unseen objects.

relational embeddings to generate an embedding of each ob-
ject o as[qo; po; eo; r d

o ]. Late fusion of the relational infor-
mation enables the downstream predictors to exploit the se-
mantic and relational information independently, improving
inference performance as demonstrated in prior work (Tuli
et al. 2021). Thus, the output of the state-encoder becomes

f state
� (st ) = f ~so

t =[ po; qo; eo; r d
o ]j 8o 2 O (st )g: (1)

Temporal Context Encoder. As discussed above, the
model is explicitly informed of the local context, which
may suggest the objects to manipulate in the future, since
often sequential actions are temporally correlated. For
instance, in the task of placing pillows on the couch, the
agent �rst moves towards a pillow, grasps it and then
places it on the couch. This entails that the sequence
of subgoals would initially haveNear(robot; pillow0),
followed by ConnectedTo(pillow0; robot) and then
OnTop(pillow 0; couch0). This example demonstrates the
high correlation between the interactions and manipulated
objects in two adjacent time steps.

Formally, GOALNET encodes the temporal history of
subgoals� t using an LSTM (Hochreiter and Schmidhuber
1997). For each subgoalr = Rt � 1(o1

t � 1; o2
t � 1) 2 R (st � 1)

predicted in the previous time stept � 1 in � +
t � 1 [ � �

t � 1, it
de�nes an encoding~r = [ ~Rt � 1; C(o1

t � 1); C(o2
t � 1)], where

~Rt � 1 is a one-hot encoding for the predicateRt � 1 2 S of
the formf 0; 1gjSj . C(o1

t � 1) andC(o2
t � 1) are the dense em-

beddings of the tokens of objects or state ofo1
t � 1. At each

time stept, the subgoal history� t is encoded as~� t where

f hist
� = ~� t = LSTM([ ~Rt � 1; C(o1

t � 1); C(o2
t � 1)]; ~� t � 1):

Instruction Conditioned Attention. This component aligns
the information of the input instruction with the scene to
learn task-relevant context by allocating appropriate atten-
tion weights to objects. This relieves the downstream pre-
dictors from dealing with all objects, which can focus only
on the ones related to the task, allowing the model to scale
with the number of objects in the input world state.

Speci�cally, instructionl is encoded using a sentence em-
bedding modelB(�) to generate the encoding~l = B(l).

GOALNET usesSentenceBERTas itsB(�) function – a pre-
trained model, it is a modi�cation of the pre-trained BERT
model (Devlin et al. 2019) to derive semantically meaning-
ful sentence embeddings (Reimers et al. 2019).

GOALNET uses the language instruction encoding~l as
query to attend over the world objects using a Bahadanau at-
tention mechanism (Bahdanau, Cho, and Bengio 2014) and
generates a �nal state embedding~st as an attended summary
over object embeddings~so

t . Using a tokenizer (Bird, Klein,
and Loper 2009), GOALNET also extracts the set of objects
Ol in instruction l . It then generates the encoding~lobj of
these objects by using self-attention with~st as the query.
Overall, f task

� (~so
t ; l ) = [~st ; ~lobj ; ~l ]. The equations for com-

puting~lobj are as follows (those for~st are similar).

� o = softmax( Wl [C(o); ~st ] + bl ); ~lobj =
X

o2 O l

� o � C(o):

Subgoal decoder.GOALNET takes the instruction attended
world state~st , encoding of the subgoal history~� t , instruction
objects encoding~lobj and the sentence encoding~l to pre-
dict a pair of positive and negative subgoalsR+

t (o1
t ; o2

t ) and
R�

t (o3
t ; o4

t ). To predict each of the three components, i.e., re-
lation and the two objects, it computes the likelihood score
for each relation predicate fromS and objects inO(st ). It
then selects the relation or object with the highest likelihood
scores, decoded in an auto-regressive fashion. For instance,
to predictR+

t (o1
t ; o2

t ), the likelihood scores ofR+
t are for-

warded to predicto1
t , and likelihood scores of bothR+

t and
o1

t to predicto2
t . Instead of using anargmax of the like-

lihood vector, it forwards the Gumbel-Softmax of the vec-
tor (Jang, Gu, and Poole 2017) (denoted by� (�)). This is a
variation ofsoftmax function that allows us to generate a
one-hot vector while also allowing gradients to backpropa-
gate (asargmax is not differentiable). It generates the scores
using a fully connected network with PreLU activation.

~R+
t = softmax( FCN([~st ; ~� t ; ~lobj ; ~l ])) ;

~o1
t = softmax( FCN([~st ; ~� t ; ~lobj ; ~l; � ( ~R+

t )])) ;

~o2
t = softmax( FCN([~st ; ~� t ; ~lobj ; ~l; � ( ~R+

t ); � (~o1
t )])) :

(2)
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