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Abstract. Embodied Instruction Following (EIF) is the task of exe-
cuting natural language instructions by navigating and interacting with
objects in 3D environments. One of the primary challenges in EIF is
compositional task planning, which is often addressed with supervised
or in-context learning with labeled data. To this end, we introduce the
Socratic Planner, the first zero-shot planning method that infers with-
out the need for any training data. Socratic Planner first decomposes
the instructions into substructural information of the task through self-
questioning and answering, translating it into a high-level plan, i.e., a se-
quence of subgoals. Subgoals are executed sequentially, with our visually
grounded re-planning mechanism adjusting plans dynamically through a
dense visual feedback. We also introduce an evaluation metric of high-
level plans, RelaxedHLP, for a more comprehensive evaluation. Experi-
ments demonstrate the effectiveness of the Socratic Planner, achieving
competitive performance on both zero-shot and few-shot task planning in
the ALFRED benchmark, particularly excelling in tasks requiring higher-
dimensional inference. Additionally, a precise adjustments in the plan
were achieved by incorporating environmental visual information.

Keywords: Embodied Instruction Following - Zero-shot Learning - So-
cratic Reasoning - Visually Grounded Feedback

1 Introduction

With advancements in Al and robotics, there is a growing emphasis on the
development of embodied agents capable of following natural language instruc-
tions. The Embodied Instruction Following (EIF) task [26] has emerged as a
testbed for such agents, challenging them to effectively generate and execute
a high-level plan (i.e., sequence of subgoal), given a human instruction (e.g.,
“Rinse off a mug and place it in the coffee maker”) within interactive 3D en-
vironments. Existing approaches in EIF primarily rely on supervised learn-
ing [2,8-10,14,17-19,21,26,28,29,31,32,38], where embodied agents are trained
on human-annotated data consisting of instructions and corresponding expert
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Fig. 1: Comparison between existing EIF methods and the Socratic Planner.
The Socratic Planner enriches zero-shot task planning through self-questioning and an-
swering about substructural information. Based on question-answering conversations,
a Large Language Model (LLM) generates subgoals. While solid black arrows denote
static planning paths, dashed blue arrows represent re-planning paths upon encoun-
tering execution failures, with visually grounded feedback from the Vision-Language
Model (VLM) guiding LLM to modify the plan.

trajectories. However, they require large amounts of labeled data for training
and often struggle to generalize to unseen instructions or environments. More
recent research has explored leveraging the reasoning capabilities of Large Lan-
guage Model (LLM) in task planning [1,7,15,16,27,30,36,37,39]. Most of these
approaches plan out a sequence of subgoals by injecting in-context examples
into LLM as prompts. While this paradigm significantly reduces the burden of
collecting labeled data, the LLM-based planner for EIF [30] still necessitates
hundreds of human-annotated data to take advantage of in-context learning.

In this paper, we ask: how can embodied agents perform the task of EIF with-
out using any labeled data? Eliciting a Socratic reasoning [24] from LLM [20] and
further grounding in the environments through dense visual feedback, we pro-
pose a method called, Socratic Planner. The Socratic Planner consists of three
components: Socratic Task Decomposer (STD), Task Planner, and Vision-based
Socratic Re-planner (VSR). Initially, the Socratic Task Decomposer (STD)
uses an inquiry-based approach, leveraging LLM to decompose the instructions
into substructural information (e.g., desired sub-tasks, their order, target ob-
jects for each sub-task, how to execute each sub-task specifically) through self-
questioning and answering. For example, in Fig. 1, users provide the instruc-
tion “Place a chilled large metal pan with a fork in it on the table.” The LLM
within STD engages in self-questioning and answering to decompose the task.
Using question-and-answer pairs, the Task Planner synthesizes a sequence of



Socratic Planner 3

subgoals through LLM, where each subgoal is either an action-object pair (e.g.,
(Pick up, pan)) or a triplet comprising an action, object, and receptacle (e.g.,
(Put, pan, fridge)). We integrate Socratic Planner with a low-level controller
of the Hierarchical Language-conditioned Spatial Model (HLSM) [2] that ex-
ecutes these subgoals within the environment. If the agent encounters a fail-
ure while executing a subgoal sequentially, Vision-Language Model (VLM) [13]
within Vision-based Socratic Re-planning (VSR) provides dense visual
feedback to the Task Planner based on visual information from the environ-
ment. As illustrated in Fig. 1, if the agent encounters failure such as “put a pan
in the fridge” in step 2, the VLM infers the cause of failure based on the current
visual state of the environment. Upon inferring “The agent is not able to put a
pan in the fridge, because the door is closed”, LLM successfully predicts a new
subgoal “open the fridge” appropriate for the current state.

We propose a new evaluation metric to measure how well the high-level plan
was predicted. Specifically, the ALFRED dataset [26] has only one human an-
notated ground-truth high-level plan per sample, so the studies in ALFRED
evaluate the accuracy of the generated plan based on the exact match to the
ground-truth plan. However, there can be semantically equivalent plans produc-
ing the same execution result as the ground-truth plan. Accordingly, we introduce
a relaxed evaluation metric for high-level planning, RelazedHLP, that extends
the existing strict high-level planning metric, StrictHLP, by considering multiple
possible correct plans. Through human evaluation, we validated the effectiveness
of the RelazedHLP metric in measuring the accuracy of high-level plans.

To demonstrate the effectiveness of the Socratic Planner, we conducted ex-
tensive experiments in the ALFRED dataset [26], which offers a diverse range of
complex environments and tasks for EIF. Our method achieves competitive re-
sults with the existing state-of-the-art few-shot method [30] in all metrics even in
zero-shot setting. Especially in tasks with long and complex subgoal sequences,
it demonstrated substantial performance improvements, thereby validating the
high-dimensional zero-shot reasoning capabilities of the Socratic Planner. More-
over, given an equivalent number of samples as a few-shot example, our proposed
method consistently outperformed the existing method [30] across all metrics
and scenarios. Through ablation studies and qualitative evaluations, we further
validated the effectiveness of our proposed inquiry-based Socratic Task Decom-
position method and Vision-based Socratic Re-planning.

In summary, our contributions are three-fold:

1. We propose the Socratic Planner, which maximizes the LLM’s zero-shot
task planning capability through inquiry-based Socratic Task Decomposition
(STD) and Vision-based Socratic Re-planning (VSR).

We introduce a novel high-level planning metric, Relaxed HLP, designed to
evaluate subgoal planning abilities more inclusively, enabling a more accurate
assessment. Additionally, we demonstrate that Relaxed HLP closely aligns with
human evaluation compared to existing HLP metrics.

3. Experimental results show that our approach effectively guides high di-
mensional reasoning abilities for EIF without providing any samples, leading to
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planning performance that closely matches or exceeds that of the state-of-the-art
few-shot method.

2 Related work

2.1 Embodied Instruction Following (EIF)

EIF is the task of executing natural language instructions, where embodied
agents should navigate and interact with household objects in 3D environments [4,
20]. Prevailing approaches in EIF [9,19,21, 26,29, 31-33, 38] rely on supervised
learning, where embodied agents learn to map human instructions to sequences
of actions using human-annotated data. However, these approaches necessitate
large amounts of labeled data for training and often fail to generalize to novel en-
vironments. Meanwhile, recent studies leverage the strong reasoning capabilities
of Large Language Model (LLM) to act as high-level planners for embodied Al
agents [6,7,15,16,30]. Some studies have utilized LLM as auxiliary helpers [15],
inserting insufficient plans into existing task guidance to achieve the final goal.
Most research [6,7,16,30] generates high-level plans by injecting in-context exam-
ples as text prompts to LLM. Our approach belongs to this paradigm. However,
instead of injecting in-context samples into LLM, Socratic Planner addresses
EIF via zero-shot prompting without using any labeled data.

2.2 Multi-Step Reasoning with Large Language Model (LLM)

Our work is closely related to the large body of research on multi-step reasoning
that uses LLM to decompose complex problems into intermediate steps. Chain-
of-thought (CoT) prompting [35] is one of the most representative methods that
prompts LLM to explicitly generate intermediate reasoning steps, thereby en-
hancing their reasoning capabilities. Some studies [5, 34] employ multiple path
decoding and majority voting to select the most relevant output. Notably, a
line of research [22,25,40] has focused on decomposing a complex problem
into more manageable sub-problems to enhance the problem-solving capabili-
ties of LLM. Especially, these methods employ a socratic approach, explicitly
inferring answers to intermediate questions, given few-shot samples containing
subquestion-solution pairs. Our approach shares the same spirit. However, Em-
bodied Instruction Following (EIF) is inherently complex, covering diverse and
long-horizon tasks. Therefore, manually annotating question-answer pairs for
in-context learning is laborious and time-consuming. To effectively tackle EIF
tasks, we instead define a list of things that need to be discovered, which could be
generally applicable in EIF tasks. This enables LLM to autonomously generate
and answer questions without in-context examples.

2.3 Re-planning

While executing generated plans in the environments, the agent may encounter
failures due to various factors like navigation uncertainty or unexpected envi-
ronmental states. Hence, iteratively adjusting the plan based on the evolving
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environmental conditions becomes crucial. However, most EIF studies [1, 2, 6,
8-10,14,15,17,18,21,26,29,31,32] did not consider re-planning mechanisms. A
work [38] proposed a limited re-planning method based on simple heuristics. If
the embodied agent fails to achieve a subgoal, it backtracks to the previous step
and retires the action. In other words, this method could not recover plans from
failures caused by incorrect predictions of actions or target objects. Meanwhile,
some research [3,7,23,27,30] explores methods where agents directly modify plans
through online feedback upon task failure. Some studies [3,7,27] provide feed-
back to LLM in the form of human or simulation states utilizing error messages
from simulator. However, applying such approaches in real-world settings where
error messages may not be defined or human feedback is unavailable is chal-
lenging. Another approach, the re-prompting method [23] defines precondition
errors and re-prompts to LLM to generate corrective actions using a template-
based prompt strategy. This method lacks visual information, limiting its ability
to identify unpredictable failure causes using only LLM’s commonsense. In re-
sponse, the LLM-Planner [30] was developed to update plans based on observed
object lists. Yet, as illustrated in Fig. 1, LLM-Planner often fails in re-planning
due to its reliance on only a set of visible objects, which does not sufficiently
explain the current visual state. Therefore, we propose Vision-based Socratic
Re-planning (VSR), which includes a visually grounded feedback advisor, lever-
aging a pre-trained Vision-Language model [13]. Based on a more detailed visual
information (e.g., visual depiction of the scene, subgoal feasibility, and failure
causes within the current scene), VSR gives a dense visual feedback to the Task
Planner, without directly relying on human or simulation data. This maximizes
the LLM’s reasoning capabilities for effective plan adjustment.

3 Method

3.1 Task Definition

Embodied Instruction Following (EIF) is to execute a sequence of actions im-
plied in a natural language instruction I in interactive 3D environments. This
task is divided into two stages: high-level planning and low-level control. First,
high-level planning is to predict a sequence of subgoals. For instance, a high-level
plan for “put a heated slice of bread in the fridge” can be translated into a series
of subgoals; [(pickup, knife), (slice, bread), ..., (close, fridge)]. Each subgoal con-
sists of (1) an admissible action (e.g., Pickup, Put, ToggleOn, ToggleOff, Open,
Close, Slice), (2) a target object, and optionally, (3) a receptacle (i.e., target
place). Next, low-level controller translates each subgoal into primitive naviga-
tion actions interacting with environments. Our focus lies in high-level planning,
which necessitates complex, multi-step reasoning. To conduct the task of EIF,
we integrate the Socratic Planner with the off-the-shelf low-level controller [2].
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Algorithm 1 Socratic Planner

Require: [ < Human Instruction

Require: Low-Level-Controller [2], LLM [20], VLM [13], Object-Detector [2]
Require: Prompt generators: . for LLM and v, for VLM

Require: Set of Observed Objects, O < 0

1: Define subgoal £ (actionsubgoal, objecty,pgoqrs TECEDEACIE, 10 001

2: Define P as list of subgoals

3: Define scene <~ a RGB image of current camera output

4: QA + LLM(psrp(I)) // Sec. 3.3
5: P < LLM(parp(I,QA)) // Sec. 3.4
6: for subgoal in P do

7:  execute Low-Level-Controller(subgoal), updating scene // Sec. 3.5
8: O + OU Object-Detector(scene)

9:  if execution fails then

10: ¢ <= VLM (caption (+), scene)

11: v <= VLM (%yatidity (Subgoal, ¢), scene)

12: if object,, 04, Dot in O or v is invalid then

13: f < VLM(¢fecedback (subgoal, ¢, v), scene)

14: P «LLM(pvsr(f,P,0,c))

15: else

16: redo // Redo the current subgoal
17: end if

18:  end if

19: end for

3.2 Overview

The research community has observed the robust zero-shot reasoning abilities of
Large Language Models (LLMs) [20] across various tasks. However, leveraging
LLMs for zero-shot inference of complex tasks like EIF often falls short, neces-
sitating high-dimensional reasoning. To address this, we introduce the Socratic
Planner, a novel zero-shot high-level planning method comprised of three com-
ponents. The Socratic Task Decomposer (STD, Sec. 3.3) first decomposes tasks
into substructural information through self-questioning and answering. Based
on the information, LLM synthesizes a high-level plan (i.e., subgoal sequence)
in Sec. 3.4. Next, the agent executes these subgoals sequentially by employing
the low-level controller [2]. In cases of execution failure, the agent iteratively
modifies the existing plan to better suit the environment through dense visual
feedback, a process referred to as Vision-based Socratic Re-planning (Sec. 3.5).
The LLM used across all sections is GPT-Turbo-3.5 [20].

3.3 Socratic Task Decomposer

Since natural language instructions in EIF are inherently compositional, it is
natural to break down the instruction into more fine-grained elements. Inspired
by Socrates’s Socratic method [24], a method used to stimulate critical thinking
through a series of questions and answers — we empower LLMs to decompose
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Fig. 2: Input prompt and output of the Socratic Task Decomposer (STD).

complex task instructions into substructural information by engaging in self-
questioning and answering. We refer to this process as the Socratic Task De-
composer (STD), which enables the high-dimensional inference required in EIF.
Before describing the details of STD, the “sub-task” refers to the intermediate-
level task. For example, when faced with the instruction “put a heated slice of
bread in the fridge” in EIF, the sub-tasks comprising this entire task could in-
volve “heating the bread”, “slicing bread”, and “placing bread in the fridge”, while
each sub-tasks consists of multiple subgoals.

The depth and content of substructural information in a task vary depending
on its complexity. To aid Large Language Models (LLMs) in accurately reasoning
about this information for general Embodied Instruction Following (EIF) tasks,
we provide them with guidance in the form of “things to discover”. These direc-
tives prompt LLMs to consider essential aspects such as identifying constituent
sub-tasks, their sequencing, target objects, and specific methods for task execu-
tion. As depicted in Fig. 2, the prompt for STD comprises the aforementioned
“things to discover”, in addition to the mission of the LLM, concise sub-task
explanations, and 3D simulator rules. The LLM finally generates question-and-
answer sequences (Q.A) that discover the substructural information based on the
prompt.

3.4 High-Level Plan Generation

Utilizing the QA generated in Sec. 3.3, the Task Planner generates a high-level
plan based on the LLM. The prompt generator for High-Level Plan Genera-
tion, denoted as ¢prp, takes I and QA as input to produce a prompt. g1 p
is augmented with sub-task information and simulator rules, along with the
command to create a high-level plan (“Based on this conversation, create a de-
tailed plan for executing instructions that consist of various sub-tasks”). Sub-
sequently, this prompt is fed into the LLM to generate the high-level plan,
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P « LLM(pnrp(I,QA)). This plan is composed of a sequence of subgoals
where each subgoal is a combination of primitive actions, interacting objects,
and optionally, receptacles.

3.5 Vision-based Socratic Re-planning

Vision-based Socratic Re-planning (VSR) enables agents to recover from execu-
tion failures by adjusting the existing plan generated by the Socratic planner,
through dense visual feedback. Starting from the 6" line of Algorithm 1, the
high-level plan generated in Sec. 3.4 is executed by the low-level controller [2],
with each subgoal being performed sequentially. As execution proceeds, the agent
continuously updates its observed scene, and detected objects by the low-level
controller’s object detector are added to the set of observed objects. When ex-
ecution encounters failures, the agent seeks guidance from the Vision-Language
Model (VLM) [13]. The re-planning process starts with the agent querying the
VLM for the caption c¢ of the current environment scene, and whether the sub-
goal seems valid (i.e., executable). Utilizing the accumulated information, the
agent determines whether the re-planning is required. Suppose the current sub-
goal’s target object is visible, and the action seems valid. In that case, the agent
assumes that the failure results from a malfunction of the low-level controller
and retries the subgoal again. Otherwise, the VLM generates feedback (i.e., a
cause of the failure), denoted as f, based on the cues obtained from the VLM
itself. Leveraging this dense visual feedback, the Task Planner finally reasons
about revising the plan and adjusts it to be better suited to the environment.
Once the plan is modified, execution resumes from the revised subgoal, with the
low-level controller proceeding with the action sequence. This iterative process,
called Vision-based Socratic Re-planning (VSR), makes the LLM’s reasoning
more grounded to the environments. Detailed information about the prompt
generator for VLN and LLM will be discussed in Appendix 1.

4 Experiment

4.1 Dataset

We validate Embodied Instruction Following (EIF) capabilities of Socratic Plan-
ner using the ALFRED benchmark [26]. This benchmark evaluates a mapping
from natural language instructions and egocentric vision to sequences of actions
for long-horizon household tasks. The ALFRED dataset consists of 25k language
instructions describing 8k expert demonstrations, with each demonstration cor-
responding to a high-level plan. The dataset includes seven admissible actions,
108 distinct objects, and seven types of tasks in 120 scenes. The data is divided
into training, validation, and test splits, where the validation and test datasets
are further classified into “seen” and “unseen” subsets. The former contains sam-
ples with seen environments of the training dataset, while the latter contains
samples with unseen environments.
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Table 1: Comparison with the state-of-the-art methods on SR and GC
across four splits. Static models are without the visually grounded re-planning. The
results marked with * indicate reproduced results of LLM-Planner [30]. Bold symbols
in numbers denote the highest accuracy, while underlined symbols indicate the runner-
up for each experiment setting.

Valid Seen Valid Unseen Test Seen Test Unseen

Model

nshot SR GC SR GC SR GC SR GC
HiTUT [38] full 18.41 25.27 10.23 20.71 13.63 21.11 11.21 17.89
HLSM [2] full 29.63 38.74 18.28 31.24 25.11 35.79 20.27 27.24
FILM [17] full - - - - 25.77 36.15 24.46 34.75
LGS-RPA [18] full - - - - 33.01 41.71 27.80 38.55
CAPEAM |[10] full - - - - 47.36 54.38 43.69 54.66
LLM-Planner (Static) [30] few 11.82 23.54 11.10 22.44 13.05 20.58 11.58 18.47
LLM-Planner [30] few 13.53 28.28 12.92 25.35 15.33 24.57 13.41 22.89
Socratic-Planner (Static) few 13.29 24.09 12.79 24.20 11.74 19.95 10.14 18.48
Socratic-Planner few 14.88 25.47 13.40 24.91 13.24 21.51 10.66 19.53

LLM-Planner” (Static) [30] zero 5.73 11.24 4.39 12.97 5.71 1042 6.54 12.12
Socratic-Planner (Static) zero 10.12 20.44 8.40 21.18 9.85 18.66 8.96 17.86
Socratic-Planner zero 11.10 20.77 10.23 22.50 12.26 20.86 9.94 18.88

4.2 Evaluation Metric

We use standard evaluation metrics in the ALFRED benchmark, Success Rate
(SR) and Goal Conditioned (GC) success rate of tasks. SR represents the per-
centage of tasks wherein the state changes driven by the agent completely satisfy
predefined goal-conditions. i.e., a task is considered a success only when all sub-
goals are achieved. On the other hand, GC measures the percentage of completed
goal-conditions for each task.

We also evaluate the accuracy of high-level planning (HLP). In the study [30],
HLP accuracy was measured solely based on the exact match with the annota-
tion of a High-Level Plan from ALFRED [26], a metric we refer to as StrictHLP.
However, tasks often have multiple viable subgoal sequences to achieve comple-
tion. For instance, in the dish-washing task, both high-level plans are correct:
turning on the faucet after placing the dish in the sink, and vice versa. Thus, we
introduce RelaxedHLP, a novel HLP metric aimed at offering a more compre-
hensive assessment by considering a broader range of valid plans. We validate
the effectiveness of Relaxed HLP in Tab. 4, and the detailed explanation for Re-
laxedHLP is provided in Appendix 2.1.

4.3 Comparison with SOTA

Compared Models. The compared models are categorized into three groups,
each with its distinct training setup: fully-supervised setting [2,10,17,18,38], few-
shot setting [30], and zero-shot setting. In the fully-supervised setting, models
are trained using the entire training dataset. For the few-shot setting, the model
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Fig. 3: Comparison with LLM-Planner on zero-shot and few-shot settings in EIF met-
rics (left) and HLP metrics (right), where valid seen splits are used for evaluation.

engages in in-context learning by prompting a few samples extracted from the
training data. Finally, the zero-shot setting entails models inferring high-level
plans without utilizing any training data. Since Socratic Planner is the first
zero-shot approach, we regard the state-of-the-art few-shot method (i.e., LLM-
Planner [30]) as the most comparable model. To ensure maximal comparability
between the Socratic Planner and LLM-Planner, we further identify the results
from two models: (1) LLM-Planner under zero-shot setting and (2) Socratic
Planner under few-shot setting.

Results on Embodied Instruction Following (EIF). As shown in Tab. I,
Socratic Planner significantly outperforms LLM-Planner [30] in the zero-shot
setting. We also observe that the use of vision-based Socratic re-planning (VSR)
consistently boosts SR and GC compared with the Socratic Planner without VSR
(i.e., Static). In the few-shot setting, the Socratic Planner, taking the same in-
context examples as LLM-Planner (i.e., nine-shot), shows improved performance
on SR. It indicates that our proposed method is effective in both zero-shot and
few-shot settings. Moreover, we conduct a more detailed analysis by adjusting
the number of in-context examples (0, 1, 3, and 9). As depicted on the left side
of Fig. 3, Socratic Planner outperforms LLM Planner on both SR and GC.
Results on High-Level Planning (HLP). We also identify the accuracy of
high-level planning. As illustrated on the right side of Fig. 3, we visualize the
performance of StrictHLP and RelazedHLP in n-shot settings, n € {0,1,3,9}.
Similar to the results on Embodied Instruction Following, the Socratic Planner
significantly improves the HLP performance across all settings compared with
LLM-Planner. Furthermore, we conduct a task-type analysis to identify the ac-
curacy of high-level planning (i.e., RelaredHLP) for each task in the ALFRED
benchmark. In this analysis, we compare the Socratic Planner with zero-shot
reasoning with the original LLM-Planner with few-shot reasoning. In Tab. 2,



Task Task LLM Socratic

Type Length Planner”™  Planner

Heat 12.8 3.74  16.82 (+3.50)
Cool 10.3 3.17  21.43 (+5.76)
Clean 7.2 12.50 16.96 (+0.37)
Pick Two 5.8 25.00 5.65 (-0.77)
Stack 5.7 6.96  4.35 (—0.38)
Pick 2.5 23.24 36.62 (+0.58)

Examine 2.1 40.43 46.81 (+0.16)

Table 2: RelaxedHLP accuracy for LLM-
Planner and Socratic Planner by task type
in the static planning setting. The results
marked with * indicate reproduced results
from LLM-Planner [30]. The numbers in
brackets represent the relative difference of
the Socratic Planner compared to the LLM
Planner.
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Fig. 4: Subtask-wise results. Dividing tasks
into three levels of difficulty based on task
length, and comparing the Relazed HLP ac-
curacy of LLM-Planner and Socratic Plan-
ner based on the difficulty level. The results
marked with * indicate reproduced results
from LLM-Planner [30].

Table 3: Ablation of Socratic Planner’s STD in the static setting, where valid seen
and valid unseen splits are used for evaluation.

Model Valid Seen Valid Unseen
RelazedHLP StrictHLP SR~ GC RelazedHLP StrictHLP SR GC
Socratic-Planner w.o. STD 13.78 12.32 7.07 15.98 16.93 1279 5.40 17.20
Socratic-Planner w. CoT [11] 13.66 9.88 7.20 17.07 16.44 1145  6.33 18.25
Socratic-Planner 20.98 15.12 10.10 20.40 23.02 14.01 8.40 21.37

the Socratic Planner shows improved high-level planning scores in five out of
seven tasks. It is also noteworthy that the Socratic Planner yields strong HLP
performance, especially in long-horizon tasks that have relatively long subgoal
sequences. Meanwhile, the performance of the Socratic Planner appears to be
relatively lower in the “Pick Two” and “Stack” tasks. Both tasks entail picking
up two objects and relocating them. However, the AI2-THOR [12] simulator for
the ALFRED benchmark does not support picking up two objects simultane-
ously. We believe that this unique characteristic is challenging, especially for the
zero-shot methods that do not observe any prior data.

To identify how HLP performance varies based on the task length, we reor-
ganize the valid-seen data into three categories: the length of five or less (0-5) as
easy, 5-10 as normal, and over 10 as hard. As shown in Fig. 4, the Socratic Plan-
ner shows better performance in all categories. Surprisingly, the performance
gap between the Socratic Planner and LLM-Planner widens as the level of task
difficulty increases. This showcases that the reasoning capabilities of the Socratic
Planner are relatively robust on challenging EIF tasks.



12 S. Shin et al.

Table 4: Comparison of alignment between HLP metrics and human evaluation. For
evaluation, 70 samples were randomly selected from the valid seen split, with 10 samples
per task type.

Accuracy Precision Recall F1-Score

RelaxedHLP 86.96 83.33 71.43 76.92
StrictHLP [26] 81.16 78.57 52.38 62.86

4.4 Ablation Study

To demonstrate the effectiveness of components in the Socratic Planner, we con-
ducted an ablation study. In Tab. 3, we can clearly identify the merits of the
Socratic Task Decomposer (STD) across all evaluation metrics. It indicates that
discovering substructural information — represented as question-and-answer pairs
helpful for synthesizing a sequence of subgoals — is crucial for EIF. However, a
question still remains as to why the information should be a form of question-
and-answer. Therefore, we compare the Socratic Planner with one of the most
representative multi-step reasoning methods for LLMs, Chain-of-though (CoT)
prompting [11]. Specifically, we reproduce zero-shot CoT [35] by replacing the
description about questioning and answering in the prompts ¢srp(I) with the
sentence, “How can you decompose the instruction: {instruction}? Let’s think
step by step.” In Tab. 3, the zero-shot CoT struggles to yield useful informa-
tion. In our manual inspection, this method extracts information in a haphazard
manner, which ultimately hindered the ability to handle the complex reasoning
required for EIF tasks.

4.5 Analysis of Relaxed HLP

To validate the effectiveness of RelaredHLP, we study how well the results from
RelazedHLP are aligned with human evaluation of high-level planning. A set of
70 samples was randomly extracted from the plans generated by the Socratic
Planner, and these were evaluated by RelazedHLP, StricHLP, and human eval-
uators. Note that the result of each sample is either 0 (incorrect) or 1 (correct).
We measure the agreement between the results from each metric and the re-
sults from human evaluation and finally report four types of scores; Accuracy,
Precision, Recall, and F1-score.

As shown in Tab. 4, RelazedHLP shows better scores on all four metrics.
Especially, the higher Recall score of RelazedHLP indicates that our proposed
metric encompasses more samples considered correct by humans. Additionally,
the Precision score of RelaxedHLP is also improved compared with StrictHLP,
resulting in higher F1-Score. In summary, the results indicate that while the
ground truth annotated by humans typically represents only one sequence for
performing the task, RelazedHLP can cover a broader range of high-level plans
that make the task successful, even if they do not perfectly align with the ground
truth plan.
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4.6 Qualitative Results

To visualize the effects of the STD Sec. 3.3, We present the qualitative examples
of the generated action sequence in Fig. 5 from Socratic Planner and Socratic
Planner without STD. In this case, the Socratic Planner without STD struggles
to complete the instruction “Slice bread and chill it in the fridge” due to the
lack of structured information regarding the required sub-tasks, their sequence,
and the objects needed to complete the instructions. In this scenario, the agent
attempts to slice bread without first picking up a knife, which is necessary to
slice the bread. On the other hand, Socratic Planner effectively decompose this
task into two sub-tasks: “slice the bread * and “chill the bread” (Q1 to A3). It then
clearly structures the sequence of sub-tasks and the necessary objects for each
sub-task through dialogue (Q3 to A9). Based on this structured information, it
accurately predicts and successfully executes the lengthy sequence of subgoals.

Fig. 6 shows the Vision-based Socratic Re-planning procedure. In this sce-
nario, the agent needs to perform the instruction “turn on the desk lamp.” The
plan initially generated by the static Socratic Planner involves picking up the
desk lamp to turn on the light. However, in the simulation, it’s not possible to
pick up the desk lamp, resulting in a failed action. Using the scene at the point
of failure, the VLM infers whether there is subgoal’s target object in the scene
(Q2 and A2) and whether the action of the failed subgoal (Pickup, Desklamp) is
feasible (Q3 and A3). Based on this information, it decides whether to re-plan
or the same subgoal needs to be attempted again due to uncertainty from the
low-level planner. If a re-plan is necessary, the VLM explicitly infers the cause
of failure, such as “The desk lamp is too heavy”, based on vision information (Q4
and A4). This inference is provided as feedback, allowing LLM to adjust its plan
accordingly. Using this dense visual feedback, LLM infer how to modify the plan
(Q6 and A6), and subsequently adjusts its initial plan successfully to directly
turn on the light instead of attempting to pick up the desk lamp.

5 Conclusion

This paper explores an effective zero-shot reasoning method for Embodied In-
struction Following (EIF), the Socratic Planner. Leveraging Socratic inquiry-
based task decomposition and visually grounded re-planning strategy, the So-
cratic Planner shows robust and competitive performance on high-level planning
and EIF. Furthermore, we introduce a novel evaluation metric, RelaredHLP, to
perform a more comprehensive evaluation of high-level planning. We hope these
contributions mark a significant advancement in enabling more effective task
planning for embodied agents, showing the potential for following instructions
in complex environments without relying on extensive labeled data.
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Slice bread and chill it in the fridge.
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Q1: How many sub-tasks are there in the given Q6: What is the second sub-task in the given
instruction? instruction?
Al: There are two sub-tasks in the given A6: The second sub-task is to chill the sliced
instruction. bread in the fridge.
Q2: What is the first sub-task in the given Q7: What is the target object of the second sub-
instruction? task?
A2: The first sub-task is to slice the bread. A7: The target object of the second sub-task is
Q3: What is the target object of the first the sliced bread.
s sub-task? Q8: What is the object that is most closely
A3: The target object of the first sub-task is related to the target object in the object

T bread. space?

D Qu: What is the object that is most closely A8: The object that is most closely related to
related to the target object in the object the sliced bread in the object space is Fridge.
space? Q9: How to perform the second sub-task using only

A4: The object that is most closely related to the objects within the object space?
bread in the object space is Knife. A9: To chill the sliced bread in the fridge, take

How to perform the first sub-task using
only the objects within the object space?
: To slice the bread, grab the Knife, cut
through the bread, and carefully set the
Knife down after slicing.

the sliced bread, open the Fridge, place the
sliced bread inside, close the Fridge, and
then open the Fridge to retrieve it.

PutObject
Knife
CounterTop
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Fig. 5: Visualization of the agent action sequence acquired by Socratic Planner without
STD (top right) and our Socratic Planner (bottom). The case is sampled in the static
setting of the valid seen split.
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Fig. 6: Illustration
test seen split.
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environment.
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A2: Yes

Q3: Is it possible to Pick up
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A4: The desklamp is too heavy.
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Q6: How to modify the
plan?

A6: Instead of picking
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of Vision-based Socratic Re-planning. The case is sampled on the
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