
Context-Aware Planning and Environment-Aware Memory
for Instruction Following Embodied Agents

Byeonghwi Kim Jinyeon Kim Yuyeong Kim1,* Cheolhong Min Jonghyun Choi†

Yonsei University 1Gwangju Institute of Science and Technology
{byeonghwikim,jinyeonkim,cheolhong.min,jc}@yonsei.ac.kr uyeongkim@gm.gist.ac.kr

Abstract

Accomplishing household tasks requires to plan
step-by-step actions considering the consequences of
previous actions. However, the state-of-the-art em-
bodied agents often make mistakes in navigating the
environment and interacting with proper objects due to
imperfect learning by imitating experts or algorithmic
planners without such knowledge. To improve both vi-
sual navigation and object interaction, we propose to
consider the consequence of taken actions by CAPEAM
(Context-Aware Planning and Environment-Aware Memory)
that incorporates semantic context (e.g., appropriate ob-
jects to interact with) in a sequence of actions, and the
changed spatial arrangement and states of interacted
objects (e.g., location that the object has been moved
to) in inferring the subsequent actions. We empirically
show that the agent with the proposed CAPEAM achieves
state-of-the-art performance in various metrics using a
challenging interactive instruction following benchmark in
both seen and unseen environments by large margins (up to
+10.70% in unseen env.).

1. Introduction
For decades, the research community has been pursuing

the goal of building a robotic assistant that can perform ev-
eryday tasks through language directives. Recent advance-
ments in computer vision, natural language processing, and
embodied AI have led to the development of several bench-
marks aimed at encouraging research on various compo-
nents of such robotic agents. These benchmarks include
navigation [2,7,8,24], object interaction [28,42], and inter-
active reasoning [11, 16] in visually rich 3D environments
[6,23,40]. However, for realistic assistants to be built, active
research in interactive instruction following [16, 28, 36, 42]
has been in progress. This requires agents to navigate, in-
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Figure 1: Overview of the proposed ‘Context-Aware Planning
(CAP)’ and ‘Environment-Aware Memory (EAM)’. The CAP
incorporates ‘context’ (i.e., task-relevant objects) of the task (de-
noted by ✓ in generating a sequence of sub-goals, compared with
the output without the CAP, denoted by ✗). The detailed planners
then predict a sequence of agent-executable actions for each re-
spective sub-goal. The agent keeps the state changes of objects
and their masks in the EAM and utilizes them when necessary.
Even when the agent may not predict the mask of the plate due
to occlusion, it can still interact with the plate thanks to the mask
remembered in EAM, leading to successful task completion.

teract with objects, and complete long-horizon tasks by fol-
lowing natural language instructions with egocentric vision.

To accomplish a given task, the agent needs to plan a se-
quence of actions to interact with specific task-relevant ob-
jects. However, the agent often plans to interact with irrele-
vant objects to the task. For instance, for the task “put an ap-
ple slice on the table”, after slicing an apple, the agent might
plan to pick up a bread slice, which can lead to the failure of
the entire task, mainly due to a lack of contextual memory.
To address this issue, we first propose a novel approach that
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nipulation in the execution of An. Rn refers to the location
where On can be found. N refers to the number of sub-
goals in a plan. We have two sub-modules to generate the
triplets: the context predictors and the sub-goal frame se-
quence generator. The context predictors focus on extract-
ing task-relevant objects from natural language instruction.
The sub-goal frame generator concentrates on a sequence of
interactions that constitute the goal.

We predict task-relevant objects to ensure that all sub-
goals in the plan share the same task-relevant object infor-
mation. By utilizing a ‘meta-class’ to generate sub-goal
sequences that identify where these task-relevant objects
should be placed. This ensures that all sub-goals share the
same task-relevant objects. We refer to a sub-goal filled
with the meta-classes as a ‘sub-goal frame’.

Context Prediction. Given a human-described instruc-
tion l as an input, we use three context predictors. fO

ctxt(·)
predicts a primary object being targeted in the task, noted as
cO. fM

ctxt(·) predicts a required carrier of the object, noted
as cM . fR

ctxt(·) outputs a destination (i.e., receptacle) that
contains the target object, referred to as cR:

fO
ctxt(l) = cO, fM

ctxt(l) = cM , fR
ctxt(l) = cR, (2)

where cO is an object assumed to play the main target in a
task described as l, cM , and cR are a container and destina-
tion of cO, respectively. For instance, if the goal is to “place
an apple in a mug on a table”, the agent needs to move
the ‘apple’ (cO) using the container ‘mug’ (cM ) and subse-
quently place both of them onto the ‘table’ (cR). To predict
the context, we finetune a pretrained language model [13].

Sub-Goal Frame Sequence Generator. After identify-
ing the objects that require manipulation in the task, we
determine a series of interactions that will bring objects to
the desired goal state. To do this, we generate a sequence
of sub-goals without specifying the context (i.e., objects)
involved. This allows the sub-goals to be later filled with
predicted task-relevant objects. This task is accomplished
through the sub-goal frame sequence generator.

We introduce a meta-class, which is mapped to one of the
corresponding contexts. The use of a meta-class instead of
the specific object name allows the sub-goal frame sequence
generator to focus more on the object’s role (i.e., a main tar-
get, a carrier, and a destination) in the task rather than its
own name, as illustrated in Figure 5. If a sub-goal frame
includes meta-classes (xO, xM , xR), it is later replaced
with the ‘contexts’ (cO, cM , cR) from the context predic-
tors. Note that some contexts may contain ‘None’ indicat-
ing that a task does not need them. For instance, for a task,
‘put an apple on the table,’ the carrier (xM ) is not needed
and therefore an action sequence is planned based only on
the two contexts (i.e., xO = Apple and xR = Table).

The sub-goal frame outputs a sub-goal with a place-
holder (⟨·⟩), which is later filled with either an object or
a meta-class by the generator. Formally, the sub-goal frame
sequence generator fsf (·) takes as input a natural language
instruction and generates a sequence of sub-goal frames:

fsf (l) = {Fn}Nn=1,

Fn = (An, ⟨O⟩n, ⟨R⟩n),
⟨·⟩ ∈ E ∪ {xO, xM , xR},

(3)

where l denotes the instruction, An denotes an action of
nth sub-goal frame, ⟨O⟩n and ⟨R⟩n represent place holder
of the small object and receptacle to be interacted with, re-
spectively, E refers to a set of all objects in a given environ-
ment, and N refers to the number of sub-goal frames. All
meta-class in place holder of sub-goal frames are then re-
placed with task-relevant objects (cO, cM , cR) from context
prediction, resulting in the final output {(An, On, Rn)}Nn=1.

3.1.2 Detailed Planners

To execute each sub-goal generated by the sub-goal planner
fsub, an agent should render the agent-executable actions
which we refer to as ‘detailed actions’ from the inferred
‘sub-goal plan’, {Sn}Nn=1. We define a ‘detailed planner’
fg
dp(·) for a sub-goal action g to translate a sub-goal with
An = g into a sequence of the detailed actions as:

fg
dp((An, On, Rn)) = {(at, ot)}Tn

t=1, (4)

where at and ot are the tth detailed action and an object to
interact in the given sub-goal. For instance, if a sub-goal
is given as (Pickup, Plate, Cabinet), a favorable output of a
detailed planner would be (Open, Cabinet), (Pickup, Plate),
and (Close, Cabinet). We learn the detailed planner using a
self-attention LSTM in a supervised manner [22].

3.2. Environment-Aware Memory

Semantic Spatial Map. One of the challenges in the in-
teractive instruction following task is to accurately perceive
the 3D environment from the 2D RGB images captured by
the agent for better navigation and interaction with objects.
Following [5, 19, 20, 27, 29], we build a semantic spatial
map from predicted depth maps and object masks by back-
projecting them to 3D world coordinates. In particular, we
use depth to maintain the environmental information such
as obstacle area, object positions and classes, etc.

However, without memory, the agent may not be able
to keep track of the configurations of objects in an envi-
ronment. The absence of such tracking poses an additional
challenge for task completion. For instance, if the agent is
asked to move multiple apples to a table, the agent should
then remember which objects have been moved so far. Here,
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Figure 4: Environment-Aware Memory (EAM). The agent up-
dates the semantic spatial map using predicted depths and ob-
ject masks for scene information. ‘Retrospective Object Recog-
nition’ preserves the latest object mask to approximate the cur-
rent object’s mask when mask prediction fails. ‘Object Relocation
Tracking’ stores the most recent location of each relocated object
and discards it as a future navigation target. ‘Object Location
Caching’ remembers the locations and masks of objects whose
states change.

we propose to configure memory of past environmental in-
formation to remember the past information and predict a
proper action sequence during a task. The memory helps
the agent remember the current state of the environment and
make proper decisions to facilitate task completion.

Retrospective Object Recognition. While completing
tasks, the agent often needs to interact with the same object
in multiple time steps. For example, to move an apple with
a plate, the agent has to interact with the plate twice: 1) put
the apple in the plate and 2) pick up the plate with the apple.
During multiple object interactions, however, the visual ap-
pearance of the object can change due to various reasons
such as occlusion. For these reasons, the agent might not
be able to recognize the object and would fail at interaction
with the intended object, leading to the entire task’s failure.

To address changes in the visual appearance of an object
during multiple interactions, we propose to retain the latest
segmentation masks of objects and use them as the current
object’s mask if the agent is interacting with the same object
but fails to recognize it. Exploiting the preserved masks
allows the agent to keep interacting with the same object
even with visual appearance changes during interactions.

Object Relocation Tracking. In another task completion
scenario, the agent often faces scenarios where it needs to
relocate multiple objects of the same class to the same lo-
cation (e.g., “Move two apples on the table.”). While con-
ducting this task, the agent may lose track of which objects

have already been relocated. Consequently, the agent may
attempt to navigate to and relocate objects that have already
been relocated, which possibly leads to a repeated sequence
of unintended object relocation or a task failure.

To circumvent the issues, we propose to maintain the in-
formation about the most recent location of each relocated
object in a 2D coordinate and exclude it in the semantic
map as a future target for our agent’s navigation. The agent
can recognize relocated objects among all detected objects
by comparing the locations in the memory and the seman-
tic spatial map. This module allows the agent to avoid re-
dundant interaction with already relocated objects, possibly
leading to task failure, and therefore successfully navigate
to and interact with those that have been not relocated.

Object Location Caching. During another task comple-
tion, an agent may need to revisit object locations that it has
previously visited to obtain an object with ‘changed states’.
Considering the task “put an apple slice on the table” as
an example, after the agent has sliced the apple, the agent
needs to navigate to the sliced object again at the location
where the apple was sliced to interact with the object in
its changed state. Without memorizing the locations and
masks, however, the agent would need to re-explore the en-
vironment to locate the objects again, which could result in
inefficient navigation and possible task failure.

To alleviate such an issue, we propose to cache the 2D
locations and the segmentation masks in memory for ob-
jects whose states change. By preserving the object loca-
tions and masks, the agent can efficiently navigate back to
the remembered locations and interact with the remembered
object masks when necessary. This can reduce the need for
the agent to explore the environment again, which can lead
to more efficient navigation and interaction and possibly re-
duce the possibility of navigation and interaction failure.

3.3. Action Policy

To conduct object interaction for task completion, the
agent first needs to reach the target objects in close vicinity
[31,34,39]. Recent approaches [5,19,20,29] plan obstacle-
free paths using either deterministic algorithms (e.g., A*,
FMM [35], etc.) or learning the path in the discrete naviga-
tion space [38], mostly by the imitation learning [3].

Since imitation learning requires a large number of ex-
pert trajectories for satisfactory performance, deterministic
algorithms currently dominate the literature for significantly
better performance, implying the amount of data in the cur-
rent benchmark with imitation learning might be more lim-
ited than necessary. In addition, [19, 27] maintains the ob-
stacle area larger than they actually perceive for safe path
planning distant from the obstacles. Inspired by them, we
plan navigation paths with the deterministic approach [35]
in the discrete space on the expanded obstacle map.
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Model Low Tem. Test Seen Test Unseen
Inst. Act. SR GC SR GC

FILM [27] ✗ ✓ 25.77 (10.39) 36.15 (14.17) 24.46 (9.67) 34.75 (13.13)
Prompter [19] ✗ ✓ 49.38 (23.47) 55.90 (29.06) 42.64 (19.49) 59.55 (25.00)
CAPEAM∗ ✗ ✓ 46.64 (20.81) 55.29 (25.47) 45.72 (20.15) 57.25 (24.73)

FILM [27] ✓ ✓ 28.83 (11.27) 39.55 (15.59) 27.80 (11.32) 38.52 (15.13)
Prompter [19] ✓ ✓ 53.23 (25.81) 63.43 (30.72) 45.72 (20.76) 58.76 (26.22)
CAPEAM∗ ✓ ✓ 50.62 (22.61) 59.40 (27.49) 49.84 (22.61) 61.10 (27.00)

HLSM [5] ✗ ✗ 25.11 (6.69) 35.79 (11.53) 16.29 (4.34) 27.24 (8.45)
LGS-RPA [29] ✗ ✗ 33.01 (16.65) 41.71 (24.49) 27.80 (12.92) 38.55 (20.01)
EPA [26] ✗ ✗ 39.96 (2.56) 44.14 (3.47) 36.07 (2.92) 39.54 (3.91)
CAPEAM (Ours) ✗ ✗ 47.36 (19.03) 54.38 (23.78) 43.69 (17.64) 54.66 (22.76)

HLSM [5] ✓ ✗ 29.94 (8.74) 41.21 (14.58) 20.27 (5.55) 30.31 (9.99)
MAT [20] ✓ ✗ 33.01 (9.42) 43.65 (14.68) 21.84 (6.13) 32.41 (10.59)
AMSLAM [21] ✓ ✗ 29.48 (3.28) 40.88 (5.56) 23.48 (2.36) 34.64 (4.63)
LGS-RPA [29] ✓ ✗ 40.05 (21.28) 48.66 (28.97) 35.41 (22.76) 45.24 (22.76)
CAPEAM (Ours) ✓ ✗ 51.79 (21.60) 60.50 (25.88) 46.11 (19.45) 57.33 (24.06)

Human - - 91.00 (85.80) 94.50 (87.60)

Table 1: Comparison with the state of the arts. The path-
length-weighted (PLW) metrics are given in the parentheses for
each value. The highest and second-highest values per fold and
metric are shown in bold and underline, respectively. ‘Low Inst.’
refers to the step-by-step instructions aligned to the respective sub-
goals. ‘Tem. Act.’ refers to ‘templated action’ sequences designed
in [27]. ✓/✗ denotes the corresponding module is used/not used,
respectively. ‘CAPEAM∗’ denotes our agents using the templated
actions without action planning by our learned model.

# CAP EAM
Test Seen Test Unseen

SR GC SR GC

(a) ✓ ✓ 51.79 (21.60) 60.50 (25.88) 46.11 (19.45) 57.33 (24.06)

(b) ✗ ✓ 49.45 (20.77) 58.94 (25.43) 42.25 (17.79) 53.93 (22.30)
(c) ✓ ✗ 46.44 (18.12) 56.37 (23.24) 41.66 (16.03) 52.88 (21.40)
(d) ✗ ✗ 45.34 (17.55) 56.62 (22.99) 39.83 (15.40) 51.97 (20.15)

Table 2: Ablation study for each proposed component. CAP de-
notes ‘Context-Aware Planning.’ EAM denotes ‘Environmental-
aware Memory.’ The ablation of either or both CAP and EAM
leads to noticeable performance drops.

4. Experiments

Dataset and Metrics. We employ ALFRED [36] as a
challenging interactive instruction following benchmark.
There are three splits of environments in ALFRED: ‘train’,
‘validation’, and ‘test’. The validation and test environ-
ments are further divided into two folds, seen and unseen,
to assess the generalization capacity. For evaluation, we
follow the standard evaluation protocol of the ALFRED
benchmark [36]. The primary metric is the success rate, de-
noted by ‘SR,’ which measures the percentage of completed
tasks. Another metric is the goal-condition success rate,
denoted by ‘GC,’ which measures the percentage of satis-
fied goal conditions. Finally, path-length-weighted (PLW)
scores penalize SR and GC by the length of the actions that
the agent takes. We provide further details of this bench-
mark in the supplementary for space’s sake.

4.1. Comparison with the State of the Art

We present a quantitative analysis of our method and
prior arts in Table 1. For a fair comparison, we compare our
method with prior arts that incorporate semantic spatial rep-

# CAP Param# Valid. Seen Valid. Unseen

(a) ✓ 712.60M 83.05 77.34

(b) ✗ 651.01M 79.27 74.91
(c) ✗ 164.95M 80.12 74.18

Table 3: Accuracy of the predicted action sequence compared
to the ground-truth by the CAP module vs. naı̈ve model size
increase. CAP refers to the ‘Context-Aware Planning.’ Param#
denotes the number of parameters to be learned for planning. (b)
and (c) share the same LSTM-based architecture of (a) but not
use context (i.e., a set of task-relevant objects). CAP noticeably
improves the success rate ((a) → (c)) but this is not simply from
the model size increase ((c) → (b)).

resentation constructed followed by depth estimation. Fol-
lowing the recent approaches [5, 27], we compare methods
that use only a high-level goal statement (i.e., without low-
level instructions, denoted by ‘Low Inst.’ by ✗). In addi-
tion, we compare the models that generate action sequences
using prior knowledge of tasks and environments with the
‘action template’ (‘Tem. Act.’ by ✓) [19, 27].

We first investigate the performance when the hand-
designed action sequence templates are combined with our
agent (✓ in ‘Tem. Act.’), which is an ablated version of our
model. We observe that our agent outperforms all prior arts
in novel environments in terms of success rates, which is
the main metric of the benchmark. We observe [19] yields
better performance in seen environments compared to our
agent. We believe that this might be attributed to the strate-
gies to enhance spatial perception such as pose adjustment
based on accurate perception models (e.g., depth estima-
tors, etc.) that generally perform well in seen environments.
Nevertheless, we observe that agent has less performance
gap between seen and unseen environments, implying bet-
ter generalization of our agent to unseen environments.

We then investigate the performance without using the
templated action sequences (✗ in ‘Tem. Act.’). We observe
that our method outperforms all prior arts by large margins
in SR and GC for both seen and unseen environments. As
we consistently observe the improvements with and without
the low-level instructions, this would imply that our method
does not heavily rely on the detailed description of a task.
Note that [29] collects an additional dataset with the human-
in-the-loop process for interaction failure recovery. With
the additional expensive supervision, we observe that [29]
achieves better PLW scores by efficiently completing tasks
than CAPEAM, and the comparison is not quite fair.

4.2. Ablation Study

To investigate the benefits of each proposed component
of our CAPEAM, we conduct a quantitative ablation study
and summarize the result in Table 2.

Without Context-Aware Planning. First, we ablate the
CAP from our method and the agent therefore learns a
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Figure 5: Benefit of Context-Aware Planning (CAP). In the two qualitative examples, the ‘contexts’ are denoted by cO in yellow, cM
in blue, and cR in green colored boxes. While our CAPEAM plans a sub-goal sequence with task-relevant objects, ‘CAPEAM w/o CAP’
interacts with task-irrelevant objects (i.e., Potato or Knife) and consequently fails.

monolithic policy that directly maps natural language in-
structions to a sequence of agent-executable actions. At
times, the agent attempts to interact with inappropriate ob-
jects to tasks. The result of the task may differ from the in-
tended goal, leading to task failure. This eventually leads to
noticeable performance drops (−2.34%, −3.86% in SR) in
both seen and unseen splits as evidenced in (#(a) vs. #(b)).

Some may argue that the performance gain by the CAP
may come from model size increase as we use separate net-
works for context prediction and sub-goal frame sequence
generation. For this, we learn the same policy but with
more learnable parameters such as the size of hidden states
and embeddings to closely approach to the size of the fi-
nal model and summarize the result in Table 3. We observe
that even with the similar number of parameters (651.01M
compared to 712.60M), the planning accuracy of the pol-
icy with more parameters remains similar or even slightly
drops in the seen split from the one with the smaller network
(164.95M). It implies that the performance gain by the CAP
may not be attributed to simple model size increase.

Without Environment-Aware Memory. We then ablate
the EAM from our agent. Without EAM, the agent has to
conduct its actions based on the current state as the agent
preserves only limited information about the changed states
of objects and their masks. Due to the lack of environmental
information, the agent may perform undesired actions (e.g.,
move an already relocated object) and thus fail. We observe
significant performance drops (−5.35% and −4.45% in SR)
in both seen and unseen environments (#(a) vs. #(c)).

Without Both. Without any of the proposed components,
the agent may interact with irrelevant objects with limited
past environmental information. As expected, our agent

without CAP and EAM achieves the lowest performance
among the agents equipped with either or both (#(d) vs. #(a,
b, c)). Moreover, we observe that using both CAP and EAM
improves our agent more than using either of them ((#(d) →
#(b, c)) vs. (#(d) → #(a))). This implies that the CAP and
the EAM are complementary to each other.

4.3. Qualitative Analysis

Context-Aware Planning. To illustrate the benefit of
context-aware planning (CAP), we present two qualitative
examples in Figure 5. The left example shows that a
sub-goal planner without the CAP may generate sub-goals
including irrelevant objects (i.e., Potato), even when it is
not mentioned in the given instruction. The agent contin-
ues searching for a knife for the limited number of steps
and fails. But when we use the context predictor, the
sub-goal planner correctly infer the task-relevant objects
and constructs the sequence with them (Sec. 3.1); the con-
text predictor outputs task-relevant objects from the given
human-described instruction such as an ‘egg,’ denoted as
oO, a ‘bowl’, the container to hold the object as oM , and
a ‘counter’, the place to put the object as oR. The task-
relevant objects that is correctly inferred by our model, the
sub-goal planner can generate a desirable sub-goal sequence
and leads to successful task completion.

In addition, the right example in the Figure 5 shows
that our agent without CAP may predict irrelevant objects
(i.e., Knife) to the task (i.e., “Put a watch in a bowl on the
shelf.”). As the agent without CAP, denoted by ‘CAPEAM
w/o CAP,’ tries to find the unintended object (i.e., Knife)
which is not present in this room, the agent continues to
explore the environment and eventually fails to reach the
target object. In contrast, our agent with CAP, denoted by
‘CAPEAM,’ can generate a sequence of executable actions
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