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Abstract

Foundation models have demonstrated significant
emergent abilities, holding great promise for en-
hancing embodied agents’ reasoning and planning
capacities. However, the absence of a compre-
hensive benchmark for evaluating embodied agents
with multimodal observations in complex envi-
ronments remains a notable gap. In this paper,
we present MuEP, a comprehensive Multimodal
benchmark for Embodied Planning. MuEP facil-
itates the evaluation of multimodal and multi-turn
interactions of embodied agents in complex scenes,
incorporating fine-grained evaluation metrics that
provide insights into the performance of embodied
agents throughout each task. Furthermore, we eval-
uate embodied agents with recent state-of-the-art
foundation models, including large language mod-
els (LLMs) and large multimodal models (LMMs),
on the proposed benchmark. Experimental results
show that foundation models based on textual rep-
resentations of environments usually outperform
their visual counterparts, suggesting a gap in em-
bodied planning abilities with multimodal observa-
tions. We also find that control language generation
is an indispensable ability beyond common-sense
knowledge for accurate embodied task completion.
We hope the proposed MuEP benchmark can con-
tribute to the advancement of embodied AI with
foundation models.

1 Introduction
With the tremendous success of ChatGPT [Wu et al.,
2023a], foundation models trained on web-scale data

∗Corresponding author. This work was done during the intern-
ship at JD Explore. The source code and datasets are available:
https://github.com/kanxueli/MuEP.
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Figure 1: An example of embodied planning driven by different
foundation models with vision-language (left) and text-only (right)
observations in the ALFWorld environment.

using self-supervision have garnered increasing atten-
tion from the community. Foundation models with the
great emergent abilities have demonstrated significant
performance improvements when adopted for downstream
tasks, including fluent interaction [Touvron et al., 2023;
OpenAI, 2023], sophisticated literary works creation [Wais-
berg et al., 2024], image captioning [Alayrac et al., 2022],
and code generation [Chen et al., 2021]. These advancements
hold great promise for enhancing the reasoning and planning
abilities of advanced embodied agents [Yang et al., 2023b;
Yang et al., 2023c; Brohan et al., 2022]. Motivated by this,
numerous recent studies have utilized foundation models,
such as large language models (LLMs) and large multimodal
models (LMMs), across a range of tasks as embodied agents,
including environmental grounding [Ahn et al., 2022; Driess
et al., 2023], vision-language navigation [Brohan et al., 2022;
Mu et al., 2023], and task planning [Yao et al., 2023;
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Step 4: Constructing Multimodal Demonstrations
The new tasks are loaded in parallel into the TextWORLD and Ai2THOR simulator
to slove while automatically constructing multi-modal expert demonstrations. 
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Figure 2: An automatic pipeline for constructing the proposed MuEP benchmark. It consists of the following steps: 1) metadata
collection, 2) task generation, 3) task filtering, and 4) constructing multimodal demonstrations.

Shinn et al., 2023]. Figure 1 provides an example of em-
bodied planning driven by different foundation models with
vision-language and text-only observations.

Despite the increasing number of recent studies on embod-
ied AI with foundation models, a significant challenge per-
sists due to the absence of a comprehensive benchmark for
evaluating embodied planning abilities in complex and multi-
modal scenarios. Many existing benchmarks, including [Wi-
jmans et al., 2019; Ebert et al., 2021; Brohan et al., 2022;
Wu et al., 2023b], suffer from limitations such as limited di-
versity, single modality, and coarse metrics. These drawbacks
make them insufficient for a thorough and nuanced evalua-
tion of the capabilities of embodied agents. Moreover, col-
lecting large-scale datasets with multi-round interactions be-
tween embodied agents and real-world environments is ex-
pensive and time-consuming. As a result, existing embod-
ied datasets are typically gathered on a small scale, as exem-
plified by the TEACh project, which collected 4,365 crowd-
sourced data samples at a total cost of $105K [Padmakumar
et al., 2022]. To address this challenge, a cheap and scalable
solution is automatic data generation. For exampl e, several
studies have undertaken data generation and annotation us-
ing LLMs and expanded existing datasets [Wang et al., 2022;
Xu et al., 2023]. Inspired by this, there are also initial at-
tempts in the field of embodied intelligence such as TaPA [Wu
et al., 2023b] and RoboGen [Wang et al., 2023]. How-
ever, TaPA may suffer from the issue of illusion in fine-
tuned models due to the mismatch between detected objects
and ground truth, while RoboGen utilizes popular genera-
tive models (e.g., Midjourney and Zero-1-to-3) to synthesize
diverse tasks and simulated environments but struggles for
a stable generation of complex and contextually consistent
training scenarios.

In this paper, we present MuEP, a comprehensive multi-

modal benchmark for embodied planning. The main dataset
construction pipeline is shown in Figure 2, which includes
metadata collection, task generation, task filtering, and multi-
modal demonstration. Specifically, we first collect a small
subset of metadata, including scene/task descriptions from
the ALFworld [Shridhar et al., 2021] simulator, where the
Planning Domain Definition Language (PDDL) [Aeronau-
tiques et al., 1998] and TextWorld [Côté et al., 2019] are
utilized to align the text with the agent’s egocentric visual
observations during exploration. We then employ LLMs to
generate different tasks via the in-context learning strategy,
i.e., the collected examples as the context are provided to
be part of the prompt. By doing this, we can easily gener-
ate a large number of different tasks, with those imperfect
samples removed according to several heuristic filtering cri-
teria. Lastly, the rule-based planner [Hoffmann and Nebel,
2001] is utilized to generate multimodal data at each demon-
stration episode. Overall, the MuEP benchmark currently
encompasses 14,927 expert demonstration episodes, spread-
ing across 108 varied household scenes and corresponding to
176,593 image-text pairs. Each scene includes diverse ob-
jects with variations in shapes, textures, and colors, enriching
scene settings and task complexity.

We adopt five distinct metrics to thoroughly evaluate
popular foundation models on the proposed MuEP. These
include three commonly used metrics: Success Rate (SR),
Interaction Step (IS), and Goal-Condition Success (GCS),
as well as two additional carefully designed metrics, namely
Language Compliance (LC) and Reasoning Disorientation
Index (RDI). Notably, the newly introduced metrics specif-
ically target the agent’s capabilities in generating compliant
structured actions and effectively replanning while avoiding
cognitive pitfalls, respectively.

We consider eight representative and open-sourced foun-

Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

130



SR

IS

GCSLC

RDI

#Seen Task

SR

IS

GCSLC

RDI

#Unseen Task

MiniGPT-4

LLaVA

BLIP2

InstructBLIP

LlaMA_Adapter

LlaMA-2

Bloomz

OPT

Figure 3: Performance of LLMs and LMMs in MuEP Benchmark. Solid lines represent LLMs, and dashed lines represent LMMs.

dation models for embodied planning, employing the
parameter-efficient fine-tuning (PEFT) strategies [Man-
grulkar et al., 2022; Dettmers et al., 2023]. As shown in Fig-
ure 3, these models include LLMs (i.e., LLaMA-2 [Touvron
et al., 2023], OPT [Zhang et al., 2022], and Bloomz [Muen-
nighoff et al., 2022]) and LMMs (i.e., BLIP2 [Li et al., 2023],
InstructBLIP [Dai et al., 2023], LLaMA-Adapter-v2 [Gao et
al., 2023], MiniGPT-4[Zhu et al., 2023], and LLaVA [Liu
et al., 2023]). Experimental results show that: 1) Foundation
models based on textual representations of environments usu-
ally outperform their visual counterparts, suggesting a gap in
embodied planning abilities with multimodal observations; 2)
Structured control language is crucial for successful embod-
ied task execution; 3) Agents necessitate increased interaction
steps to learn and adapt to new dynamic scenes effectively.

In summary, our contribution is twofold: 1) We propose a
multimodal benchmark for embodied planning. 2) We evalu-
ate popular LLMs and LMMs on this benchmark. We expect
the research presented in this paper to benefit the development
of the embodied AI community.

2 Related Work
Embodied AI with Foundation Models. Emerging trends
in AI research show the extension of foundation models from
basic language tasks to embodied decision-making [Vemprala
et al., 2023; Yang et al., 2023a]. Recent research utilizes
LLMs for grounding in embodied planning tasks within in-
teractive environments [Ahn et al., 2022; Huang et al., 2022;
Huang et al., 2023; Lin et al., 2023]. Some approaches like
React [Yao et al., 2023] and Reflexion [Shinn et al., 2023]
integrate chain-of-thought [Wei et al., 2022] into embod-
ied agents, enabling them to formulate autonomous problem-
solving procedures. Many researchers also propose to refine
agent capabilities of reasoning and decision-making in em-
bodied environments through fine-tuning with pre-collected
data [Xiang et al., 2023; Mu et al., 2023]. Meanwhile, the
advancement in LMMs has been pivotal in more integrated

and sophisticated systems, including BLIP2 [Li et al., 2023],
InstructBLIP [Dai et al., 2023], LLaMA Adapter v2 [Gao et
al., 2023], MiniGPT-4 [Zhu et al., 2023], and LLaVA [Liu
et al., 2023]. However, there is still an urgent need for re-
search to test foundation-model-based agents in embodied
planning. This paper focuses on testing the ability of open-
sourced foundation models on embodied multimodal tasks.

Embodied Planning Benchmark. Over the past several
years, the emergence of embodied interactive environments
has played a pivotal role in the evaluation of Embodied AI
[Kolve et al., 2017; Gan et al., 2020], paving the way for
groundbreaking approaches in visual navigation [Ramakrish-
nan et al., 2020; Gan et al., 2021], visual-language tasks [An-
derson et al., 2018a; Deitke et al., 2022], and embodied ques-
tion answering [Das et al., 2018a; Zhou et al., 2023]. ALF-
World [Shridhar et al., 2021] combines the interactive text-
based game engine TextWorld [Côté et al., 2019] with AL-
FRED [Shridhar et al., 2020], a dataset for vision-language
tasks in embodied environments, creating a platform for de-
veloping AI agents capable of understanding and interacting
in complex scenarios using both text and visuals. In this pa-
per, we utilized ALFWorld scenes for testing and its anno-
tated tasks to generate new ones with LLM. While there is
an ongoing trend towards the enlargement and enhancement
of these datasets, the substantial cost and resource invest-
ment required to adapt them for embodied tasks continues
to present a significant obstacle. For instance, RT-1 [Brohan
et al., 2022] utilized 13 robots over 17 months to collect ap-
proximately 130K episodes of data. Recent studies aim to
bridge this gap by leveraging LLMs [Bubeck et al., 2023]
to generate training data [Wang et al., 2022; Xu et al., 2023],
where the research most closely related to ours is TaPA [Wu et
al., 2023b]. In contrast to our approach of directly acquiring
metadata from the simulator, TaPA utilizes an object detector
to generate lists of objects from images captured within the
simulator, a process prone to inaccuracies. Moreover, TaPA
relies on the evaluation of action plans generated by task
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Scene:  You are in the middle of a room. Looking quickly around
you, you see a bed 1, a laundryhamper 1, a desk 1, a shelf 1, a
drawer 1, a drawer 2, a drawer 3, and a sidetable 1.

Instruction: put some book on drawer
Action_Squeue: ["go to sidetable 1", "go to bed 1", "take book 1
from bed 1", "go to drawer 3","open drawer 3","put book 1 in/on
drawer 3"]
Textual_State: ["You arrive at loc 7. On the sidetable 1, you see a
desklamp 1, a alarmclock 1, a alarmclock 2, a cd 1, and a pen
1.", "You arrive at loc 0. On the bed 1, you see a laptop 1, a
laptop 2, a book 1.", "You pick up the book 1 from the bed
1.",  "You arrive at loc 6. The drawer 3 is closed.", "You open
the drawer 3. The drawer 3 is open. In it, you see nothing."]
Visual_State: [

                                                           
                                                          ]

Success!

t=0 t=2t=1

t=4

t=3

t=5

goto
(sidetable)

goto
(bed)

goto
(drawer)

take
(book,bed)

open
(drawer)

put
(book,drawer)

Figure 4: Illustration of multimodal data in MuEP. Each data
point contains the scene, the instruction, and task sequences with
corresponding multimodal states.

planners (LLMs) by 30 volunteers, deviating from an auto-
mated and objective evaluation system. Additionally, existing
benchmarks mainly use Success Rate (SR) and Interaction
Step (IS) as primary evaluation metrics [Shridhar et al., 2021;
Deitke et al., 2022], while these coarse metrics fall short
in providing a systematic evaluation of emerging embodied
agents. To address this limitation, we further introduce two
novel fine-grained metrics: Language Compliance (LC) and
Reasoning Disorientation Index (RDI).

3 The MuEP Dataset
This section presents the details of MuEP.

3.1 Dataset Construction
The main dataset construction pipeline consists of four
stages: metadata collection, task generation, task filtering,
and multimodal demonstration, as follows.

Metadata Collection. We first extract metadata from the
ALFWorld [Shridhar et al., 2021], including scene informa-
tion, available tasks, and item attributes and states, as shown
in Figure 2-Step 1. We use PDDL, a standard planning lan-
guage, and the TextWorld engine to programmatically align
the agent’s egocentric visual observations with accurate tex-
tual descriptions during exploration. PDDL encodes the tex-
tual representations of each visual scene in our dataset, simi-
lar to the approach used in ALFWorld. TextWorld then gener-
ates corresponding textual environments from this PDDL en-
coding, ensuring that textual and visual information are con-
sistently aligned. Furthermore, we also gather information
about the inventory, attributes, and states of objects within

the scene. This information acts as constraints to reduce hal-
lucinatory outputs and the occurrence of invalid tasks. In con-
trast to TaPA [Wu et al., 2023b], which relies on object de-
tection/segmentation, our method directly obtains error-free
metadata from Ai2-THOR’s [Kolve et al., 2017] configura-
tion. This approach not only streamlines the process but also
significantly enhances the accuracy and quality of the gener-
ated tasks.

Task Generation. For each piece of metadata collected in
the previous step, we explore LLM’s in-context learning ca-
pability for task generation. Considering the impressive per-
formance of GPT, we incorporate the text-davinci-003 model
from OpenAI. We adopt an example-based prompt to enhance
task generation, which involves querying with specific exam-
ples, including scene information, object dictionary, the tar-
get number of tasks, and 30 manually crafted task examples
along with their types. The object dictionary includes oper-
ational attributes of items (e.g., pickupable, receptacle, and
cookable), along with quantity details. These attributes form
constraint conditions during task generation, ensuring rele-
vance and feasibility. Specifically, we prompt LLM to gener-
ate different tasks that can be executed within that particular
scene. To account for different room types linked to distinct
task types, we have created four distinct prompt templates.
Through iterative queries with diverse scenes and object dic-
tionaries, we can generate an extensive array of tasks that cap-
ture relevant object attributes and scene characteristics.

Task Filtering. While prompt templates have proven effec-
tive, occasionally, some generated tasks may not meet prac-
tical standards. We thus introduce a four-fold criterion to re-
move imperfect tasks: 1) the task is incompatible with the
room scene, e.g., the “Heat & Place” category of tasks will
be filtered when meeting in an environment that contains no
items used for heating, such as microwaves; 2) the task in-
volves invalid items; 3) the task involves inadequate item at-
tributes, e.g., “put a bread in book” is invalid because, in the
Ai2-THOR environment, books are not considered recepta-
cles — they lack the necessary attribute for holding objects;
4) the task is already completed in the scene. For instance, if
a “keychain” is already placed on the “shelf” in the current
scene, the task “put a keychain on the shelf” will be removed.

Multimodal Demonstration. We utilize a parallel text-
visual environment to construct the dataset, which allows the
simultaneous acquisition of visual observations from Ai2-
THOR and corresponding textual observations in TextWorld,
as depicted in Figure 2-Step 4. PDDL serves as a bridge be-
tween the visual and the textual environments. We employ
a rule-based planner [Hoffmann and Nebel, 2001] to gener-
ate action sequences. Inaccessible to the agent during infer-
ence, the planner relies on metadata and encodes the envi-
ronment as fully observable states that contain perfect knowl-
edge of world dynamics. Figure 4 illustrates the data for-
mat as {Scene, Instruction, Action Sequence, Textual State,
Visual State}. “Scene” details the agent’s current environ-
ment, “Instruction” specifies the task, “Action Sequence”
records the planner’s steps, and “Visual State” and “Tex-
tual State” provide visual and textual representations of the
post-action environment, respectively. This design is well-
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Annotations Virtual Scene Evaluation
Scale Auto-generation Quality Interaction Obs. Metric Types Dynamic Scene LLM LMM

R2R [Anderson et al., 2018b] 21k+ ✗ Low ✗ Ego 2 ✗ ✗ ✓
Touchdown [Chen et al., 2019] 9.3k+ ✗ Low ✗ Ego 2 ✗ ✗ ✓
EQA [Das et al., 2018b] 5k+ ✗ Low ✗ Ego 2 ✗ ✗ ✓
ALFRED [Shridhar et al., 2020] 25k+ ✗ High ✓ Ego 3 ✓ ✗ ✓
ALFWorld [Shridhar et al., 2021] 25k+ ✗ High ✓ Ego 2 ✓ ✓ ✓
TaPA [Wu et al., 2023b] 6k+ ✓ High ✗ 3rd Person 1 ✗ ✓ ✗
MuEP 170k+ ✓ High ✓ Ego 5 ✓ ✓ ✓

Table 1: Comparison of different embodied planning datasets. The advantage of MuEP lies in its expansive scale, comprehensive evalua-
tion metrics, dynamic scene evaluation, and capability to test both LLMs and LMMs.

suited for training both LLM and LMM agents because it en-
ables multi-round interactions and extends task horizons in
dynamic scenes.

3.2 Dataset Metrics and Statistics
This subsection first explains the evaluation metrics and then
summarizes the statistics of MuEP by comparing with previ-
ous embodied datasets.

Evaluation Metrics. To form a more nuanced evaluation,
MuEP provides five types of metrics, including three com-
monly used metrics success rate, interaction step, and goal-
condition success, and two additional designed metrics, lan-
guage compliance, and reasoning disorientation index. All
metrics are complementary to each other and can comprehen-
sively test the capabilities of foundation models.

Success Rate (SR) refers to the ratio of the number of suc-
cessful plays and the total plays. Task completion requires
two vital conditions: the target location and the target state.
For example, the task “placing a heated potato on a table” is
deemed successful if the potato is in a heated state and located
on the table.

Interaction Step (IS) measures the number of steps an agent
interacts with the environment to complete a task. This metric
evaluates the efficiency of an agent’s interactions in achieving
the task objectives. Fewer interaction steps indicate a better
capability for reasoning and planning.

Goal-Condition Success (GCS) measures how close an
agent is to entirely completing a task by counting the com-
pletion of all the sub-goals. For instance, the task “placing
a heated potato on a table” includes three sub-goals: finding
the potato, heating it, and placing it on the table. If the agent
only puts the potato on the table without heating it, the task’s
GCS score is 2/3 or about 66%, indicating partial success.

Language Compliance (LC) was designed to measure the
structuredness and compliance of the action generated by
foundation models, providing a crucial tool for assessing their
capability in delivering effective and syntactically correct ac-
tion commands. Foundation models exhibit fluid and free
expressive capabilities, enhancing human-machine interac-
tion with naturalness. Nevertheless, their capacity to gen-
erate strictly formatted language in embodied tasks remains
unclear. To address this issue, we introduce the ’Language
Compliance’ metric. The metric LC is given as LC = aˆ/a∗,
where aˆ is the number of valid actions and a∗ is the total
number of actions.

TextWorld Engine
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      & Q-Former
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Quantized
Weights
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B
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Figure 5: Architectures for fine-tuning LLMs and LMMs. The
illustration provides more details of PEFT and resource conservation
in model optimization.

Reasoning Disorientation Index (RDI) reflects whether an
agent persistently takes repetitive actions in response to the
same environmental feedback. Specifically, the RDI quan-
tifies the tendency of an agent to resort to repetitive actions
or iterative, ineffective solutions when faced with consistent
environmental feedback. The RDI is calculated by observ-
ing the agent’s actions in specific tasks and checking for
repetitive or cyclical patterns. The metric RDI is given as
RDI = prdi/pfail, where prdi is the number of planning
with RDI occurrences and pfail is the total failed tasks. A
higher RDI value indicates a higher likelihood of the agent
encountering cognitive traps, necessitating enhanced reason-
ing strategies.

Dataset Summary. MuEP comprises 15,247 demonstra-
tion episodes, corresponding to 176,593 image-text pairs,
where Figure 4 illustrates the multimodal data. A compar-
ison between MuEP and other embodied planning datasets
is shown in Table 1. MuEP outshines others with its ex-
tensive scale of over 170k+ instances, robust generative task
support, high-quality virtual scene interactions, and superior
metrics for dynamic scene evaluation. Furthermore, MuEP
can be used to evaluate embodied agents using both LLMs
and LMMs.
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Task Type Large Multimodal Model Large Language Model

BLIP2 InstructBLIP LlaMA Adapter V2 LLaVA MiniGPT-4 LlaMA-2 Bloomz OPT

SR 25.71 20.00 25.71 11.43 31.43 28.57 51.43 77.14
IS 6.89 4.86 6.78 11.25 8.09 11.20 8.78 8.59

Pick & place GCS 25.71 20.00 25.71 11.43 31.43 28.57 51.43 77.14
LC 100 100 94.29 100 100 28.57 60.00 77.14
RDI 11.43 8.57 2.86 22.86 0.00 11.43 34.29 17.14

SR 7.69 15.38 0.00 0.00 7.69 84.62 53.85 84.62
IS 9.00 11.50 - - 9.00 9.82 7.14 11.00

Examine in Light GCS 42.31 34.62 34.62 11.54 34.62 84.62 57.69 88.46
LC 100 100 100 100 100 84.62 92.31 100
RDI 53.85 30.77 7.69 15.38 7.69 0.00 38.46 7.69

SR 11.11 40.74 18.52 22.22 33.33 3.70 51.85 74.07
IS 12.00 8.73 11.80 9.17 10.11 6.00 11.43 10.95

Clean & place GCS 27.16 49.38 34.57 34.57 45.68 6.17 58.02 74.07
LC 96.30 100 100 100 100 14.81 70.37 96.30
RDI 7.41 0.00 0.00 14.81 0.00 18.52 22.22 14.81

SR 12.50 12.50 6.25 6.25 6.25 31.25 25.00 37.50
IS 7.00 6.50 7.00 7.00 6.00 12.80 16.75 14.67

Heat & place GCS 31.25 31.25 27.08 27.08 29.17 39.58 25.00 37.50
LC 100 100 100 100 93.75 62.50 43.75 87.50
RDI 6.25 6.25 0.00 6.25 0.00 0.00 18.75 56.25

SR 12.00 16.00 24.00 8.00 20.00 16.00 44.00 72.00
IS 8.67 10.00 9.67 7.00 9.80 9.75 15.27 12.61

Cool & place GCS 26.67 32.00 38.67 24.00 37.33 18.67 45.33 72.00
LC 92.00 100 100 100 100 40.00 56.00 100
RDI 8.00 0.00 4.00 12.00 0.00 0.00 12.00 28.00

SR 8.33 8.33 4.17 4.17 12.50 0.00 16.67 45.83
IS 17.50 9.00 11.00 8.00 9.67 - 10.5 16.55

Pick two & place GCS 10.42 16.67 12.50 6.25 20.83 10.42 39.58 66.67
LC 100 100 100 100 100 4.17 41.67 70.83
RDI 8.33 8.33 4.17 16.67 0 20.83 33.33 29.17

Table 2: Performance comparison by task category of models on #Seen tasks. All values are presented as percentages

4 Experiments
This section details and analyzes our experiments.

4.1 Baseline Choices
To assess the performance of mainstream open-source large
models in embodied tasks, we fine-tuned and analyzed foun-
dation models on the MuEP dataset. For a fair comparison,
all models are at around the 7B magnitude.

LLMs: Our first choice is the LLAMA-2-7B [Touvron
et al., 2023] model from the LLAMA family, known for its
range of models with 7B to 65B parameters and its high qual-
ity. This selection balances model performance with resource
efficiency, aiming to reduce training time and resource con-
sumption. Further exploring the LLM domain, we included
the OPT-6.7B [Zhang et al., 2022] model, comparable in size
to LLAMA-7B, to assess the impacts of using different foun-
dational models. Additionally, the Bloomz-3B [Muennighoff
et al., 2022] model was trained to explore the performance of
models with varying parameter magnitudes.

LMMs: We selected five representative LMMs, includ-
ing BLIP2 [Li et al., 2023], InstructBLIP [Dai et al., 2023],
LLaMA Adapter V2 [Gao et al., 2023], MiniGPT-4 [Zhu

et al., 2023], and LLaVa [Liu et al., 2023]. These mod-
els integrate pre-trained image encoders with large language
models and underwent extensive pre-training on massive
image-text pairs. This process aligned text-image charac-
teristics, setting a strong foundation for subsequent fine-
tuning. All models were then fine-tuned on diverse, small-
scale instruction-following datasets, enhancing their basic
instruction-following capabilities. Table 3 includes detailed
configurations of all baseline models in our experiments.

4.2 Experimental and Implementation Details

Experimental Settings. We conduct extensive experiments
on 134 #Unseen and 140 #Seen test tasks from the original
ALFworld to evaluate the performance of foundation mod-
els and also to compare with previous works. #Seen tasks
entail executing in familiar rooms from training, yet with dif-
ferent instantiations of object locations, quantities, and visual
appearances, whereas #Unseen tasks involve new tasks in en-
tirely unknown rooms, characterized by different objects and
scene layouts not encountered during training. Each model
is evaluated under a constraint of a maximum of 30 steps per
task.
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Agent Model Configuration # Seen # Unseen
LLM #VE #ToP #TuP #TuM SR ↑ IS ↓ GCS ↑ LC ↑ RDI ↓ SR ↑ IS ↓ GCS ↑ LC ↑ RDI ↓

BLIP2 Vicuna ViT-g 7B 3.15M FC Layer 14.29 9.10 25.71 97.86 12.86 11.19 14.80 25.37 96.27 10.45
InstrutBLIP Vicuna ViT-g 7B 3.15M FC Layer 20.00 8.00 29.88 100 7.14 12.69 9.71 26.49 98.51 11.94

LMMs LlaMA Adapter v2 Vicuna ViT-g 7B 3.15M B-Tuning 15.71 8.91 28.45 98.57 2.86 17.91 15.33 26.74 100 0.75
LLaVA LlaMA ViT-l 7B 400M FC Layer 10.00 9.21 19.05 100 15.71 6.72 12.22 16.54 99.25 12.69
MiniGPT-4 Vicuna ViT-l 7B 3.10M FC Layer 21.43 9.10 33.45 99.29 0.71 25.37 15.68 36.82 99.25 2.24

LlaMA-2 - - 7B 7995M Q-Lora 22.14 10.61 25.83 32.86 10.00 38.81 11.71 47.51 48.51 9.70
LLMs Bloomz - - 3B 3932M Q-Lora 41.43 11.12 47.14 59.29 26.43 48.51 14.51 54.73 60.45 21.64

OPT - - 6.7B 7549M Q-Lora 66.43 11.49 70.36 87.14 24.29 79.10 12.75 83.71 95.52 11.94

Table 3: Results on various downstream tasks and scenarios. “#VE”, “#ToP”, “#TuP”, and “#TuM” denotes the visual encoder, the total
number of parameters, the tuning parameters, and the tuning module, respectively. All values are presented as percentages.

Task Type Large Multimodal Model Large Language Model

BLIP2 InstructBLIP LlaMA Adapter V2 LLaVA MiniGPT-4 LlaMA-2 Bloomz OPT

SR 8.33 4.17 16.67 25.00 4.17 62.50 75.00 83.33
IS 4.00 8.00 16.75 14.33 9.00 10.27 10.39 10.65

Pick & place GCS 8.33 4.17 16.67 25.00 4.17 62.50 75.00 83.33
LC 95.83 100 100 100 100 66.67 87.50 100
RDI 12.50 0.00 0.00 4.17 0.00 0.00 25.00 16.67

SR 22.22 44.44 11.11 0.00 61.11 44.00 44.00 88.90
IS 12.75 10.50 11.50 - 15.00 16.50 19.25 14.50

Examine in Light GCS 61.11 61.11 16.67 5.56 80.56 66.67 55.56 91.67
LC 100 100 100 100 100 50.00 72.22 94.44
RDI 22.22 33.33 0.00 33.33 5.56 16.67 33.33 11.11

SR 9.68 9.68 9.68 3.23 22.58 6.45 67.74 74.19
IS 25.00 10.67 19.33 6.00 18.71 6.00 14.43 13.61

Clean & place GCS 26.88 25.81 25.81 19.35 38.71 9.68 72.04 79.57
LC 93.55 96.77 100 100 96.77 16.13 70.97 90.32
RDI 3.23 12.90 3.23 16.13 0.00 12.90 12.90 9.68

SR 19.23 19.23 38.46 7.69 26.92 69.23 7.69 88.46
IS 11.60 8.20 14.90 9.00 12.71 12.39 26.00 11.57

Heat & place GCS 32.05 34.62 51.28 23.08 38.46 75.64 12.82 88.46
LC 96.15 96.15 100 100 100 76.92 11.54 92.31
RDI 15.38 11.54 0.00 0.00 3.85 3.85 26.92 7.69

SR 5.56 0.00 22.22 0.00 27.78 38.89 38.89 88.89
IS 30.00 - 11.00 - 17.00 8.71 16.14 13.56

Cool & place GCS 18.52 16.67 33.33 14.81 40.74 38.89 42.59 88.89
LC 100 100 100 100 100 66.67 50.00 100
RDI 0.00 11.11 0.00 22.22 5.56 0.00 16.67 5.56

SR 0.00 0.00 5.88 0.00 17.65 11.76 52.94 47.06
IS - - 27.00 - 18.00 13.50 14.89 13.75

Pick two & place GCS 5.88 20.59 8.82 2.94 26.47 41.18 70.59 70.59
LC 94.12 100 100 100 100 17.65 76.47 100
RDI 11.76 5.88 0.00 5.88 0.00 29.41 17.65 23.53

Table 4: Performance comparison by task category of models on #Unseen tasks. All values are presented as percentages.

Implementation Details. The overall model fine-tuning
framework is illustrated in Figure 5. For LMMs, core com-
ponents like the ViT, Q-Former, and LLM itself were frozen
to maintain stability, with the projection layer fine-tuned.
Notably, the LlaMa adapter v2 model only underwent fine-
tuning on the bias of adapter layers [Gao et al., 2023]. LMMs
incorporate two main types of inputs: text instructions (i.e.,
task directives and historical actions) and image observations.
Specifically, the historical actions provide crucial contextual
information for understanding the extent of task completion
and aids in the agent’s subsequent reasoning process. Con-

currently, the visual inputs offer a first-person perspective of
the agent’s external environments. If not otherwise stated, we
always adhere to the prompt templates used in the original
works during fine-tuning. As illustrated on the right side of
Figure 5, we employed Q-LoRA [Dettmers et al., 2023] to
fine-tune all LLMs efficiently. LLM’s input consisted exclu-
sively of text-based instructions and environmental observa-
tions. Despite representing different modalities, visual and
textual observations were treated as equivalent in our dataset.
All experiments were accelerated by four Tesla V100 GPUs.
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4.3 Results and Discussions
As shown in the main results Table 3 and Figure 3, for
LLM agents, OPT achieved the best performance in terms
of SR (i.e., 79.10%). However, OPT and Bloomz mod-
els showed higher tendencies toward reasoning disorienta-
tion, as reflected by their RDI scores. Conversely, LlaMA-
2-7B demonstrated the best performance in IS and RDI, but
its lower SR suggested limited stability in task completion
even compared with Bloomz-3B. Regarding LMM agents,
MiniGPT-4 outperformed others in both #Seen and #Unseen
scenarios in terms of the SR. However, it required more inter-
action steps to complete tasks, suggesting a higher frequency
of task completion but with increased interactions. In con-
trast, InstructBLIP, while slightly underperforming in SR, had
the most outstanding IS metric, indicating higher efficiency in
task execution. Overall, although LLMs demonstrate signif-
icantly superior performance in terms of SR, there is notable
potential for improvement in terms of LC.

To offer insights into the capacities of the model for each
task category, a more comprehensive evaluation per task type
is presented in Tables 2 and 4. This comprehensive compar-
ison not only pinpointed specific weaknesses in the model’s
capabilities but also shed light on the difficulty levels associ-
ated with all tasks. For instance, we find that the ‘Pick two &
place’ task was particularly challenging for all models, with
the highest success rate of 52.94% achieved. Additionally,
the success rate of LlaMA-2-7B’s in the task of ‘Pick two &
place’ was 0% (#Seen tasks), primarily due to its extremely
low LC score of 4.17%, highlighting the importance of im-
proving LlaMA-2-7B’s in terms of the LC ability.

Several key observations regarding the performance dis-
parities between LLMs and LMMs are as follows: 1) Foun-
dation models based on textual representations often tend to
outperform their visual counterparts. This is mainly because
embodied agents based on LLMs directly leverage PDDL,
while there are still gaps for current LMMs to capture compa-
rable information from visual representations. 2) Generating
formatted control language is of great importance for embod-
ied task completion. The LC metric highlights the signifi-
cance of the formatted control language. Our results suggest
that higher LC values in LLMs correspond to increased suc-
cess rates (SR) and Goal-Condition Success (GCS). 3) New
environments present heightened challenges for task plan-
ning. The IS metric reflects the number of interaction steps.
Our results suggest that agents operating in “Unseen” scenar-
ios (unfamiliar environments) typically require significantly
more steps to complete tasks compared to those in “Seen”
scenarios. 4) According to Table 3, LLM agents demon-
strated significantly better performance in #Unseen scenar-
ios, whereas LMM agents exhibited consistent performance
across both scenarios. We owe this observation to varia-
tions, such as the difference in object location and appear-
ance. They would not be reflected in the current textual rep-
resentation of scene information, yet they can be noticed in
visual information. Therefore, the LLM-based agents, when
meeting tasks in seen scenes, tend to output actions they have
already learned, even though the generated control languages
are ineffective after multiple action failures, leading to worse
RDI and LC metrics and further affecting the SR metric.

5 Conclusions and Future Work
We introduce MuEP, a comprehensive multimodal bench-
mark for embodied planning that tackles the challenges posed
by diversity, modality limitations, and the coarse metrics
in existing benchmarks. Our evaluation of recent founda-
tion models highlights the superior performance of text-based
models over their visual or multimodal counterparts in tasks
related to embodied planning. Moreover, our newly proposed
metrics, LC and RDI, offer valuable insights into agents’ ac-
tion generation and cognitive planning capabilities. These in-
sights serve as crucial guidance for future research in mul-
timodal embodied agent planning. We envision MuEP as a
pivotal benchmark, contributing to the advancement of em-
bodied agents in higher-level reasoning and planning abili-
ties. In the future, we plan to expand the benchmark in terms
of scale, diversity, and complexity. Additionally, we aim to
investigate the disparity between textual and visual modalities
in embodied planning tasks.
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